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Abstract

Multi-constraint planning involves identify-
ing, evaluating, and refining candidate plans
while satisfying multiple, potentially conflict-
ing constraints. Existing large language model
(LLM) approaches face fundamental limita-
tions in this domain. Pure reasoning paradigms,
which rely on long natural language chains,
are prone to inconsistency, error accumula-
tion, and prohibitive cost as constraints com-
pound. Conversely, LLMs combined with
coding- or solver-based strategies lack flexi-
bility: they often generate problem-specific
code from scratch or depend on fixed solvers,
failing to capture generalizable logic across di-
verse problems. To address these challenges,
we introduce the Scalable COde Planning
Engine (SCOPE), a framework that disentan-
gles query-specific reasoning from generic
code execution. By separating reasoning from
execution, SCOPE produces solver functions
that are consistent, deterministic, and reusable
across queries while requiring only minimal
changes to input parameters. SCOPE achieves
state-of-the-art performance while lowering
cost and latency. For example, with GPT-
40, it reaches 93.1% success on TravelPlan-
ner, a 61.6% gain over the best baseline
(CoT) while cutting inference cost by 1.4x
and time by 4.67x. Code is available at
https://github.com/Derrick GXD/SCOPE.

1 Introduction

Planning is the process by which an agent orga-
nizes sequences of decisions or actions to achieve
a goal. With the rapid advancement of LLMs,
there has been growing interest in applying them
to automate planning tasks (Wei et al., 2025). Un-
like traditional problem-solving tasks such as ques-
tion answering or math reasoning, planning de-
mands exploration of a rapidly expanding solution
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space, where small errors accumulate and lead to
inconsistent or invalid outcomes. Recent develop-
ment of LLMs in text-based reasoning (Wei et al.,
2022; Yao et al., 2023a; Yuan et al., 2025; Gui
et al., 2025), powered by strong reasoning capa-
bilities, has shown promise on simpler planning
tasks. However, due to LLMs output being inher-
ently probabilistic, these methods lack robustness,
where small variations of reasoning paths can pro-
duce inconsistent or invalid solutions, and models
often lose track of constraints or accumulate errors
over long reasoning chains. In addition, they face
scalability issues. Reasoning chains grow exponen-
tially with task difficulty, require large numbers of
tokens, and become increasingly costly to execute
(refer to Figure 4).

To address these issues, prior work has explored
integrating external solvers into the reasoning pro-
cess (Chen et al., 2023; Jiang et al., 2024), lever-
aging their reliability and determinism to enforce
constraints and verify solutions. Subsequent ef-
forts have aimed to handle diverse constraints in
planning (Hao et al., 2025b,a; Wang et al., 2025).
Existing methods either perform similar reasoning
in natural language or generate similar solver code
for each query. As a result, they do not support
reusable execution abstractions and incur high com-
putational cost. Nevertheless, existing code-based
methods lack a systematic mechanism to capture
the underlying logic of multi-constraint planning,
resulting in inefficiency and increased error.

To this end, we propose the Scalable COde
Planning Engine (SCOPE), a multi-agent frame-
work that employs a two-stage reasoning process
to convert natural language queries into optimized
structured representations, which are then pro-
cessed by reusable solver functions. In the problem
reasoning phase, SCOPE utilizes Problem Formal-
ization and Problem Optimization to translate
queries into structured representations consisting
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https://github.com/DerrickGXD/SCOPE

Query-Specific Problem Reasoning

Planning
Agent

Query : Plan a 3 days trip from A to B two days
each. Visit Aon day 1 and 2.

Solution : Day 1-2 : Visit A. Day 2-3 : Visit B

Plans are formed by arranging multiple cities in different order. Constraints

are visiting days and duration for each city.

Constraints
Duration : A (2 days), B (2 days)
Specific day : A (Day 1 and 2)

Combinations
City :A, B

The structured solution should represent each city with its corresponding visiting

days as a list.

To generate valid plans, the visit duration for each city should be
treated as a combination parameter rather than constraints.

Structured Solution
Day : [1, 2], City : A
Day : [2, 3], City : B

Duration : A (2 days), B (2 days)

Combinations

City :A, B < 1

Constraints

Specific day : A (Day 1 and 2)

Generic Solver Generation

Combinations Function Generator Agent
Constraints

Structured Solution

I will write Combination to generate plans that in structured solution
format, Filter to return plan that meets constraints and Deliver to convert
structured solution into natural language.

Function Input

Constraints Strucutred Solution

Combination Filter Deliver
R=0> R=0> K]
—— — [ ———)]

else refine function

Check if output contains,
else refine function

Check if output equals,i

Structured Solution Solution

Figure 1: The overview workflow of SCOPE. The workflow consists of 2 stages: Query-Specific Problem
Reasoning (top-half) and Generic Solver Generation (bottom-half). Different colors of arrows represent different
workflow construction: (red, structured representations), (green, structured solution), (gray, solver functions).

combination and constraint parameters. Combi-
nation parameters specify elements and properties
required to generate candidate plans, whereas con-
straint parameters define conditions these plans
must satisfy. LLM agents use these representations
to generate general solver functions. Subsequent
queries within the same domain are similarly con-
verted into structured representations, enabling sub-
sequent queries in the same domain to be solved
efficiently without regenerating code.

To enhance reliability and eliminate dependence
on labor-intensive expert prompt design, SCOPE
incorporates a parameter-free refinement step in
which a single example query and answer are
used for output reflection to automatically adjust
prompts. This design establishes a fully automated
pipeline wherein LLM agents autonomously gen-
erate optimized representations, construct reusable
solvers, and deliver consistent, scalable solutions
to new problems without additional training or
manual intervention. Unlike ad-hoc reasoning or
problem-specific coding, this approach ensures
both flexibility and robustness, as reasoning is tai-
lored to individual queries, while solver functions
remain stable across queries in the same domain.

We evaluate SCOPE on benchmarks such as
TravelPlanner (Xie et al., 2024) and Natural Plan

(Zheng et al., 2024), and reach state-of-the-art re-
sults across 5 recent models with much lower infer-
ence cost. Our contributions are threefold:

* We propose a reusable abstraction that sepa-
rates query-specific reasoning from execution
logic. It captures the key parameters that gen-
erate or filter candidate plans, enabling solver
functions that can handle different queries
with minimal adaptation.

* We implement an autonomous multi-agent
pipeline that induces this abstraction from a
single example. The pipeline identifies rel-
evant combinations and constraints and pro-
duces solver functions that operate on param-
eter values rather than query-specific content,
allowing the abstraction to be applied broadly.

* We provide empirical evidence that this ap-
proach improves robustness, reduces computa-
tional cost, and scales efficiently across bench-
marks and models.

2 Related Work

Recent advances in LLMs have sparked growing
interest in their reasoning and planning capabili-
ties (Achiam et al., 2023; Dong et al., 2024). A
prominent line of work studies text-based reason-
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ing through prompting strategies to produce ex-
plicit, step-by-step intermediate reasoning (Wei
et al., 2022; Shinn et al., 2023; Yao et al., 2023b;
Madaan et al., 2023; Chen and Li, 2024; Lee et al.,
2025) in natural language. Another related direc-
tion investigates multi-agent planning (Chen et al.,
2024b,a; Wang et al., 2024; Zhang et al., 2025; Gui
etal., 2025). These work allow planning to be more
manageable by dividing the tasks into components
managed by expert agents.

Text-based reasoning relies on implicit LLM
reasoning and does not explicitly enumerate the
solution space, making it prone to errors in multi-
constraint planning (Kambhampati et al., 2024).
Benchmarks (Valmeekam et al., 2023; Zheng et al.,
2024; Xie et al., 2024) show failures under long-
horizon reasoning and complex constraints. Multi-
agent approaches also require extensive prompt
engineering and struggle to systematically decom-
pose such constraints (Han et al., 2024).

An alternative direction leverages code genera-
tion as proxy for reasoning (Chen et al., 2023; Yang
et al., 2025; Liu et al., 2025; Yang et al., 2023).
These works proposes formalizing problem and
replacing reasoning with code to minimize errors.
Some recent works have attempted to use code
or Planning Domain Definition Language (PDDL)
to help reasoning of LLM on constraint satisfac-
tion problems (Guan et al., 2023; Katz et al., 2024;
Wang et al., 2025; Hao et al., 2025a,b). While these
methods improves performance, they rely heavily
on manual prompting and lack generalization when
applied to planning tasks in new domains.

3 Methodology

3.1 Overview

Multi-constraint planning requires exhaustive rea-
soning over a large candidate space, where missing
a single combination can lead to incorrect results.
Text-based reasoning methods often fail to system-
atically enumerate all candidates and miss valid
plans, while existing solver-based approaches en-
sure completeness but incur high inference cost by
generating solver code per query. In contrast, our
framework leverages LLMs to construct reusable
solver functions.

We propose a fully autonomous solver gener-
ation and refinement framework mechanism that
enables the system to independently discover ef-
fective instructions without manual intervention.
The framework consists of two high-level stages,

namely Query-Specific Problem Reasoning and
Generic Solver Generation. As shown in Figure 1,
the Query-Specific Problem Reasoning stage aims
to generate a formal representation of the prob-
lem domain, including combinations, constraints
and structured solution, enabling the system to au-
tonomously design the solver. Given the formal
representation, the Generic Solver Generation stage
aims to construct the functions required to solve the
problem domain, namely Combination Function,
Filter Function and Deliver Function.

3.2 Query-Specific Problem Reasoning

In real-world scenarios, explicit reasoning or struc-
tured solver logic is not provided to the model,
so the model must learn to infer this from exam-
ples in order to produce reusable functions for new
queries. This stage utilizes a single example query
to extract the key parameters and reasoning needed
to construct solver functions for the given problem
domain. This stage comprises two sequential steps,
Problem Formalization and Problem Optimization.

Problem Formalization. As the first step, Prob-
lem Formalization is designed to translate example
queries and answers into structured JSON represen-
tations that define the input and output interfaces
for solver function construction in a later stage. It
employs two LLM agents, namely Planning Agent
and Solution Agent. Particularly, Planning Agent
converts the example query into structured repre-
sentation with two keys, combinations and con-
straints. Combinations contains the parameters for
complete candidate generation space, ensuring ex-
haustive enumeration rather than heuristic explo-
ration. Constraints contains parameters for filtering
plans, isolating validation logic from generation
logic to enable deterministic filtering. Consider-
ing the example query as shown in Figure 2, Plan-
ning Agent identifies that candidate plans can be
generated by arranging the different cities (Berlin,
Venice and Paris) in different visiting orders, and
therefore proposes combination parameters consist-
ing of "cities", "city_stays", etc. Similarly, a plan
is only valid under certain constraints, hence Plan-
ning Agent proposes constraint parameters such as
"specific_days".

Simultaneously, the Solution Agent receives the
example answer and converts it into a structured
representation, which defines the expected output
format used in solver function construction in the
next stage. Considering the Figure 2 example, the
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Output of Agents at Query-Specific Problem Reasoning

( - . K R N
B Q_uery : You pla_n tovisit 3 Europeaq clll_es for§ days in total. You want to spend 2 day§ n Answer : Here is the trip plan for visiting the 3 European cities for 6 days: Day 1-2: Visit Berlin
erlin. You are going to attend a wedding in Berlin between day 1 and day 2. You would like to ) N N g . N
. . . N " . for 2 days. Day 2: Fly from Berlin to Paris. Day 2-3: Visit Paris for 2 days. Day 3: Fly from
visit Venice for 2 days. You want to spend 2 days in Paris. Here are the cities that have direct Paris to Veni Day 3-4: Visit Venice for 2 d
flights: Berlin and Paris, Venice and Paris. aris to Venice. Day + Visit Venice for ays.
- J
1] 3 1]
Planning Agent '@' Optimization Agent ‘g' Solution Agent .m'
Identify combinations : cities, total, city duration. =) Total days is not required for combinations. =y solutions: [ =y
Identify constraints: specific city duration, flight connectivity 2 )|Direct flight can occur both ways. {"city": "Berlin", "days": [1, 2]},
gombinations: %cmes [ Berlln ...], "total_days™: 6, /co blnallons “cities": ["Berlin", ...], "city_stays™: {"city": "Paris", "days": [2, 3]},
“city_stays": {"Berlin {"B 12,
{"city": "Venice", "days": [3, 4]},
constraints: {"specific_days":{"Berlin": [1,2]}, "direct_flights":| |constraints: {" SpeCIfIC days":{"Berlin
[["Berlin®, "Paris"], ...]f [132]‘ dlrecﬁ - flights™:T[" erlin”, Pans "], ["Paris”, 1
Output of Agents at Generic Solver Generation
Combinations Constraints Solutions
4 5 6
Combination Func Gen Agent .m. Filter Func Gen Agent ‘@. Deliver Func Gen Agent 1@.
@&y &) _ , &y
Firs_l,, we enumerate all possible visiting orders by permuting the list] Iterate every candidate plan. Summarize the overall trip.

of citi

Each Fermutanon is then converted into a structured plan
format {"city"

def combinations_func(data): for plan in data

valid_seq = permutations(data["cities"]) if d

return format_seq(valid_seq, data["city_stays"])

return plan

If plan satisfies specific day requirements and flight
connectivity constraints, return the plan.

def plan_func(data, constraints):

ay_constraints(plan, constraints) and
fllght constraints(plan, constraints);

Iterate through ¢ each city visit to describe travel transitions
and visiting periods.

def deliver_func(data):
response = initialize_trip_summary(plan)

response += transition_and_stay(plan)

return response

Output of Agent at Inference

Query : You plan to visit three European cities over a total of seven
days. You will stay in Rome for three days (days 1-3) to attend a
conference. You would like to spend two days in Barcelona and two days;
in Amsterdam. The available direct flight connections are between Rome
and Amsterdam, and between Barcelona and Amsterdam.

7

Input Agent

combinations: {"cities": ["Rome", .

constraints: (speclflc days": {"Rome™: [1, 2, 3]}, "
["Amsterdam”, alby

..], "city_stays": {"Rome": 3, ...}}

"direct_flights™: ["Rome"”, "Amsterdam"],

“Rome"], .

Figure 2: The output of agents at two different stages of SCOPE and inference.

structured representation would be a list of JSON,
which the key "city" and "days" outlines the name
of city and visiting days. Together, the Planning
Agent and Solution Agent determine the input and
output formats of all solver functions.

Problem Optimization. Without optimization,
structured representations often contain redundant,
entangled, or underspecified parameters that can
prevent correct solver function synthesis. SCOPE
employs one or more Optimization Agents, each
assigned a distinct role via its prompt, to iteratively
refine the parameters. These agents remove redun-
dancy, resolve ambiguities, and ensure complete-
ness, guaranteeing that combinations fully cover
the candidate plan space while constraints remain
clear, consistent, and non-conflicting. The prompts
provided to each Optimization Agent are described
in Appendix L.

3.3 Generic Solver Generation

Constructing reusable solver functions is challeng-
ing because the reasoning must be abstracted from
any specific query. To address this, SCOPE de-
composes the solver into distinct functions, each
responsible for a single task. This decomposition
allows the system to focus supervision on ensuring
correctness for each function. This stage proceeds

through two sequential phases, Solver Construction
and Solver Refinement. In particular, we generate
the following solver functions in this stage:

* Combination Function: takes as input data,
which is the values of the combinations param-
eters, and generates candidate plans in struc-
tured JSON form.

Filter Function: takes as input data, the can-
didate plans generated by Combination Func-
tion, and constraints, which is the values of the
constraints parameters, and returns the plan
that satisfy all constraints.

Deliver Function: takes as input data, the
plan returned by Filter Function and converts
it into a natural language answer that follows
the desired output format.

Solver Construction. We employ three agents,
Combination Function Generator Agent, Filter
Function Generator Agent and Deliver Function
Generator Agent to generate Combination, Filter
and Deliver Function respectively. The Combi-
nation Function Generator Agent is provided the
combinations parameters and their descriptions pro-
duced by the Planning Agent, along with the struc-
tured solution generated by the Solution Agent.

The Combination Function Generator Agent
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leverages these information to construct Combi-
nation Function that produces candidate plans that
adhere to the required structure. For instance, in
Figure 2, the agent constructs the Combination
Function to generate all permutations of the "cities"
parameter to enumerate possible visiting orders,
and then assigns visiting days using "city_stays".
Each resulting plan conforms to the structured so-
lution designed by Solution Agent.

Similarly, the Filter Function Generator Agent
receives the constraints parameters and their de-
scriptions, together with the same structured solu-
tion. Using this information, it constructs the Filter
Function, which extracts relevant attributes from
each plan and compares them against the specified
constraint values. In Figure 2, the generated Fil-
ter Function iterates through each plan produced
by the Combination Function and checks whether
the "specific_days" and "direct_flights" constraint
requirements are satisfied by each plan, returning
only the plan that meet all constraints.

The Deliver Function Generator Agent receives
the structured solution along with ground-truth an-
swer, enabling it to generate Deliver Function that
converts any structured solution in the same format
into a natural-language answer consistent with the
desired output.

Solver Refinement. The initial functions gener-
ated by the Combination and Filter Function Gen-
erator Agents may be suboptimal. We refine them
using the same example query and solution from
the previous stage, with the Planning Agent’s struc-
tured representation and the Solution Agent’s struc-
tured solution as supervision. Refinement is ap-
plied when a function fails, defined as follows:

* Combination Function: The list of candi-
date plans generated by the function does not
contain the structured solution.

¢ Filter Function: The plan returned by func-
tion does not match the structured solution.

* Deliver Function: The natural language an-
swer produced by the function does not match
the ground-truth answer.

By comparing the function outputs with the
structured solution or ground-truth answer, the
agents iteratively regenerate and adjust their func-
tions until the expected output is produced.

We note that using a single example of query
and solution during solver refinement does not
cause overfitting. The Function Generator Agent

is instructed to design functions that operate on
input parameters, rather than hardcoding instance-
specific values. Likewise, the Planning Agent con-
structs combinations and constraints to capture
the general domain structure, rather than the spe-
cific keys or values of the example. Consequently,
the generated solver functions generalize across
queries, reflecting structural constraints rather than
memorizing a single instance. For applications re-
quiring additional assurance, solver functions can
be validated and refined against multiple examples.
In our experiments, a single example suffices
as it contains full constraint coverage. To analyze
the effect of using multiple examples in SCOPE,
we conduct experiments on Trip Planning solver
construction using individual examples with incom-
plete constraint coverage, as well as both exam-
ples together. Our analysis in Appendix D shows
SCOPE can leverage multiple examples to improve
robustness via union constraint coverage.

3.4 Inference

The query and structured representation pair from
Query-Specific Problem Reasoning stage is used
as a single in-context exemplar that specifies the
expected structured output format for inference.
Specifically, at inference, the framework first uses
a single LLM as the Input Agent, which takes the
exemplar query, its corresponding combinations
and constraints optimized from the problem reason-
ing stage as the one-shot prompt. Along with the
test query appended in the prompt, the Input Agent
generates combinations and constraints for the test
query. These are further fed into the reusable solver
functions generated by the SCOPE workflow to
produce the final answer.

During inference, the agent does not generate
or modify any solver code. Instead, it applies the
pre-generated solver functions to produce the final
solution. The inferred combinations are passed to
the Combination Function to enumerate candidate
plans, which are then filtered using the constraints
by the Filter Function. Finally, the Deliver Func-
tion converts the structured solution into a natural
language response. The details of SCOPE work-
flow is presented in Algorithm 1.

4 Experiments

We evaluate SCOPE on multi-constraint planning
tasks that require reasoning over combinatorial pos-
sibilities and multiple interdependent constraints.

43789



MODEL SETTING TravelPlanner Trip. Meet.
DR CPR HCPR SR SR SR
Micro Macro Micro Macro

Direct 100 936 570 564 387 236 49 507

GPTdo CoT (Wei et al., 2022) 100 952 670 648 452 315 39 474
ToT (Yao et al.. 20234) 955 875 481 647 476 261 11 347

EvoAgent (Yuan et al., 2025) 100 69.7 0.0 0.0 0.0 0.0 8.6 10.8

HTP (Gui et al., 2025) 100 835 189 543 538 161 83 529

ToS (Katz et al., 2024) 652 287 00 00 00 00 125 598

CPMPy (Michailidis et al, 2024) 17.6 123 32 4.1 25 14 00 48

SCOPE 100 997 978 976 948 931 8.1 100

Direct 100 963 711 659 669 665 788 705

GPT-03 CoT (Wei et al., 2022) 100 986 891 832 807 804 779 898
ToT (Yao et al., 20234) 935 925 864 807 761 758 414 424

EvoAgent (Yuan et al., 2025) 9990 894 237 199 214 213 54 406

HTP (Gui et al., 2025) 100 774 08 14 13 08 235 715

ToS (Katz et al., 2024) 61.0 607 586 499 417 417 00 597

CPMPy (Michallidis et al., 2024) 5.6 3.9 1.0 10 09 09 114 178

SCOPE 100 996 975 972 940 922 891 992

Direct 100 996 966 943 914 912 833 893

GPTS CoT (Wei et al., 2022) 100 995 966 943 918 915 846 932
ToT (Yao et al.. 20234) 998 993 959 903 853 853 616 558

HTP (Gui et al., 2025) 100 824 140 185 172 115 51 674

ToS (Katz et al., 2024) 795 581 00 367 74 00 00 106

CPMPy (Michailidis et al, 2024) 166 159 134 130 122 122 185 9.

SCOPE 100 997 983 978 953 939 895 100

Direct 100 968 750 546 275 218 381 432

I CoT (Wei et al., 2022) 100 951 668 587 355 253 318 454
Gemini-1.5-Pro SCOPE 975 959 856 893 790 716 804 90,6
Direct 100 995 957 938 925 917 888 952

. CoT (Wei et al., 2022) 100 996 969 963 948 938 881 964
Gemini-2.3-Pro SCOPE 100 997 982 980 956 942 910 996

Table 1: Performance comparison across models and settings in inference mode.

We select TravelPlanner (Xie et al., 2024) and
Natural Plan (Zheng et al., 2024) for benchmark-
ing, which represent realistic and challenging plan-
ning scenarios. We compare our method with 6
baselines across 5 proprietary language models.

4.1 Datasets

TravelPlanner is a real-world travel planning
benchmark, requiring agent to generate trip
itineraries satisfying multiple constraints divided
into two types, Commonsense Constraints and
Hard Constraints. The details of each type of con-
straints and metrics are in Appendix F.1. To ensure
fairness, all our baselines are provided the same
deterministic constraints and operates in closed en-
vironment (refer to Appendix B.2).

Natural Plan is a natural-language planning
benchmark where the agent is given query and has
to produce the optimal plan. Our experiments fo-
cus on two dataset, Trip Planning' and Meeting
Planning of this benchmark. The details of each
datasets and metrics are provided in Appendix F.2.

"Due to limited budget, we run half of the queries on
Trip Planning, with each level of complexity equally sampled.
For Direct, CoT and SCOPE, we run full dataset and have a
separate table of results at Appendix, Table 6.

4.2 Language Models

We evaluate SCOPE and baselines on two LLMs
families: GPT (GPT-5, GPT-03, and GPT-40)
and Gemini (Gemini-2.5-Pro and Gemini-1.5-Pro).
For GPT-5, GPT-03, and Gemini-2.5-Pro, thinking
mode is enabled for enhanced reasoning. For all
models except for GPT-5 and GPT-03, temperature
is set to 0. Temperature for the other two models
cannot be set in thinking mode. We use a specific
version for each model (see Appendix B.1).

4.3 Baselines

Aside from direct prompting, we include both
text-based and solver-based reasoning methods as
baseline. The text-based reasoning are Chain-of-
Thought (CoT) (Wei et al., 2022), Tree-of-Thought
(ToT) (Yao et al., 2023a), EvoAgent (Yuan et al.,
2025) and HyperTree Planning (HTP) (Gui et al.,
2025). For solver-based reasoning, we use Thought
of Search (ToS) (Katz et al., 2024) and Constraint
Programming and Modeling library in Python
(CPMPy) (Michailidis et al., 2024). The imple-
mentation details of each baseline are described
in Appendix B.3. Since SCOPE uses an example
query and answer to construct solver functions, all
baselines are also given few-shot examples for fair
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Figure 3: The success rate (y-axis) across different level of complexity (x-axis). Top to bottom (Different bench-
marks): TravelPlanner, Trip Planning, Meeting Planning. Left to right (Different models): GPT-5, GPT-03, GPT-4o0,

Gemini-2.5-Pro, Gemini-1.5-Pro.

comparison. More details for fairness across base-
line are described in Appendix B.2.

In our experiments, we exclude certain solver-
based and code-based baselines which rely on
human-provided hints or manual template code
(Hao et al., 2025a,b). More justifications can be
found in Appendix B.4. The evaluation metrics and
the difficulty of different datasets are defined in Ap-
pendix F.1 for TravelPlanner and Appendix F.2 for
Natural Plan. However, we further compare against
a solver-based approach, (Wang et al., 2025), which
is also supported by human-provided hints. SCOPE
matches or outperforms this method, demonstrat-
ing the effectiveness of automated solver synthe-
sis while maintaining reliable performance. Addi-
tional results are provided in Appendix E.

5 Results and Analysis

5.1 Overall Success Rate

Table 1 compares the performances of different
methods across different language models>. The
key results are as follows:

SCOPE consistently enhances performance
across all evaluated models and datasets. The im-
pact is especially more significant on weaker foun-
dational models like GPT-40 and Gemini-1.5-Pro.
For example, the success rate of GPT-40 improves
from 12.5% (ToS) to 87.1% in Trip Planning,

2We choose to selectively implement baselines on Gemini

models due to the high cost of baselines and their tendency to
fail when following complex instructions.

59.8% (ToS) to 100% on Meeting Planning, and
31.5% (CoT) to 93.1% on TravelPlanner. These
results not only demonstrates SCOPE’s strong gen-
eralization across diverse models and benchmarks,
but also shows SCOPE provides a robust mecha-
nism that enables substantial performance gains on
complex tasks where weaker foundational models
exhibit limited success.

SCOPE enables smaller models to achieve
performance comparable to larger models of
baselines by leveraging explicit, deterministic
logic. Gains are smaller on very strong models
(e.g., GPT-5 and Gemini-2.5-Pro), reflecting their
strong reasoning capabilities. On smaller models
(GPT-40, Gemini-1.5-Pro), SCOPE matches or out-
performs baselines using larger models at much
lower cost (refer to Table 4). For example in Trip
Planning, GPT-40’s SCOPE (87.1%) outperforms
the best baseline, CoT of GPT-03 (78.8%) and
GPT-5 (84.6%) respectively. This demonstrates
that SCOPE’s advantages arise from deterministic,
executable logic rather than model scale.

5.2 Success Rate Over Complexity

We analyze the success rate of baselines and
SCOPE across datasets of increasing complexity.
The results are visualized in Figure 3.

SCOPE displays robust performance as prob-
lem complexity increases, while baseline meth-
ods exhibit substantial performance degrada-
tion. SCOPE consistently maintains a high success
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Figure 4: The cost/time required per query (y-axis) for different methods across different level of complexity
(x-axis). Top to bottom (Different models): GPT-5, GPT-03, GPT-40, Gemini-2.5-Pro, Gemini-1.5-Pro. Left to right
(Different metrics): Cost and time taken for TravelPlanner, Trip Planning, and Meeting Planing.

rate (often above 90%) across all complexity levels
and datasets, with only a minimal decline at the
most extreme levels. In contrast, baseline methods,
particularly those relying on weaker foundational
models (GPT-40 and Gemini-1.5-Pro), collapses
rapidly as difficulty increases. These results shows
SCOPE offers superior generalization and scala-
bility compared to existing methods. At inference
stage, SCOPE provides parameter values for the
solver instead of generating long reasoning chains.
This shifts reasoning to parameter estimation for
queries, which is less error-prone than reasoning
about the full solution. Once the reusable solver
function is synthesized, much of the complex rea-
soning is encoded in deterministic code, further
reducing the likelihood of error.

SCOPE shows superior usability over long-
text reasoning for complex multi-constraint
planning tasks. Baselines that rely on long-text
reasoning (e.g., ToT, EvoAgent, and HTP) degrade
rapidly as combinatorial complexity increases, due
to incomplete enumeration of candidate plans and
increased risk to intermediate reasoning errors.
Through exhaustive enumeration of candidate plans
and logic-based verification, SCOPE maintains sta-
ble performance under increasing combinatorial
complexity, underscoring its solver-based advan-
tages over text-driven reasoning. This reasoning
about parameter values for queries is less error-
prone than reasoning about the full solution.

5.3 Cost and Time Efficiency

Figure 4 presents the inference costs and time of
different methods across varying levels of complex-
ity and model types. The summary of correspond-
ing inference costs and latency for each dataset is
shown in Appendix, Table 7.

SCOPE achieves substantial cost efficiency for
multi-constraint planning tasks. Unlike multi-
step and multi-agent methods (e.g., ToT, EvoA-
gent, HTP), which incur exponentially growing
API costs due to multiple text generation, SCOPE
limits textual output and performs plan enumera-
tion at the code level. This efficient scaling en-
ables it to handle complex, long-horizon planning
problems while outperforming iterative reasoning
baselines in cost.

SCOPE demonstrates a robust trade-off be-
tween inference time and solution reliability.
Across all models and datasets, SCOPE requires
substantially less inference time than multi-step,
long-text reasoning baselines (ToT, EvoAgent,
HTP), while remaining comparable to single-agent,
single-step (Direct, CoT) and solver-based (ToS)
methods. Although single-step methods incur low
per-inference cost, SCOPE is more efficient when
accounting for the total cost and time needed to
obtain a verified correct solution (Figure 5). While
SCOPE’s runtime increases moderately with prob-
lem complexity, it consistently produces valid solu-
tions where baselines fail (Figure 3), highlighting
its scalability and robustness.
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5.4 Error Analysis

Failures in our method primarily arise from Input
Agent. As shown in Appendix H.1, smaller models
(Gemini-1.5-Pro) may incorrectly assign the value
of parameters in the structured representation. Ap-
pendix H.2 shows that one-shot demonstration can
cause the agent to overgeneralize patterns from
examples, resulting in invalid constraint interpreta-
tions. Appendix H.3 illustrates that for tasks requir-
ing large structured outputs (Meeting Planning),
Input Agent may introduce subtle errors, such as
incorrect numerical values, in its output.

6 Ablation Study

We conduct an ablation study on the TravelPlan-
ner and Natural Plan tasks by removing individual
components of our framework to assess their im-
pact. Specifically, we ablate problem formalization,
problem optimization, and solver refinement.

The results from Table 2 indicates that each com-
ponent is essential in the workflow as the absence
of component will cause a huge decline in perfor-
mance. The details of the implementation of abla-
tion is in Appendix C.1 and analysis of absence of
each components is in Appendix C.2.

Ablation Study Travel Planner Trip Meeting
No Problem Formalisation 25.2 13.3 100
No Problem Optimisation 53.6 0.0 56.4
No Solver Refinement 93.1 0.0 56.2
SCOPE 93.1 87.1 100

Table 2: Ablation study results from GPT-40 by remov-
ing each component from SCOPE workflow.

7 Conclusion

In this work, we introduced SCOPE, a scalable
code-based planning framework that disentangles
problem reasoning from code execution to address
the challenges of multi-constraint complex plan-
ning with LLMs. By formalizing natural language
queries into structured representations and lever-
aging reusable solver functions, SCOPE achieves
robustness, consistency, and efficiency beyond ex-
isting text-based or code-based approaches. Our
experiment results show significant improvements
in accuracy, cost, and latency, highlighting the ef-
fectiveness of systematic, reusable solvers. Our
work paves a new way for efficient and robust LLM-
based planning in complex real-world tasks.

Limitations

While our proposed framework represents a signifi-
cant step forward in enhancing LL.M-based agents’
planning abilities, it has some limitations. One lim-
itation is the reliance on LLMs’ coding skills and
formatted generation capabilities. Hence, our cur-
rent experiments primarily evaluate closed-source
models rather than open-source models. Another
limitation is that solver functions are still tied to a
specific domain. While they can be reused across
different queries within the same domain, they can-
not be directly applied to a new domain without
redefining the problem structure. Enabling solver
generalization across domains is a promising direc-
tion for future work. In addition, SCOPE currently
does not explicitly handle domain drift, where a
query of a new domain cannot be fully expressed
within the existing solver’s structural specification.
Extending the SCOPE framework with automatic
drift detection and adaptive solver regeneration is
an important direction.
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A

Pseudocode

Algorithm 1 SCOPE: Structured Solver Construction and Inference

1: Input: Example query-solution pair (Q°, S°%), test queries {Q; } Y,

A AN

Output: Natural-language solutions {S;} ¥,

> Stage I: Query-Specific Problem Reasoning
(C,K) + P(Q*) > Planning Agent P: extracts combinations C and constraints & from the example

query

S+ X(Q) > Solution Agent X: defines target solution structure S
for each optimization agent O; € O do
(C,K) + 0,(C,K)
end for > Optimization Agents O: sequentially refine C and /C
> Stage II: Generic Solver Generation
> Combination Solver Generator Geomp: constructs Fromp
Feomb <= Geomb(C) > Initial construction, no previous output or supervision yet

9: while S g Fcomb(C) do

10:
11:

12:
13:
14:

15:

16:
17:
18:

19:

20:
21:
22:
23:
24:
25:
26:

Feomb < Geomb(C, Feomb(C),S) > Refinement: use previous output + ground-truth structure S
end while
> Filter Solver Generator Ggjer: constructs Fijer
Fiitter + Gritter (K) > Initial construction, no previous output or supervision yet
while S 7é Fﬁlter(Fcomb<C)7 IC) do
Fhtter < Gitter (K, Fhtter(Feomb(C), K), S) > Refinement: use previous output + ground-truth
structure S
end while
> Deliver Solver Generator Ggeliver: CONstructs Fyefiver
Fieliver < Gdeliver(S) > Initial construction, no previous output or supervision yet
while S % Fiyeliver(S) do
Faeliver < Gaeliver(S, Faeliver(S), S¢%) > Refinement: use previous output + ground-truth solution
Sex
end while

> Stage III: Inference

fori =1to N do

(Ci, K;) + Z(Q; | Q°*,C,K) > Input Agent Z: one-shot demonstration using Q** and (C, K)

Xi — Fcomb(ci)

Vi  Fhier (X, Cs)

Si <~ Fdeliver(yi)
end for
return {S;} Y,
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B Experiment Details

B.1 Model Versions
1. GPT-5: gpt-5-2025-08-07

2. GPT-03: 03-2025-04-16
3. GPT-4o0: gpt-40-2024-11-20

4. Gemini-2.5-Pro: gemini-2.5-pro-preview-05-
06

5. Gemini-1.5-Pro: gemini-1.5-pro-002

B.2 Fairness Considerations

To ensure a fair comparison across methods, sev-
eral design decisions are enforced. First, few-shot
examples are allowed for all methods. For non-
solver-based methods such as Direct Prompting,
CoT, ToT, and EvoAgent, example queries and their
corresponding answers are provided directly in the
prompt. For solver-based methods such as ToS and
SCOPE, example queries and answers are incor-
porated into the solver construction pipeline rather
than the prompt itself. The examples of query and
solution for TravelPlanner are obtained from the
train data while the examples of query and solu-
tion for Natural Plan tasks are obtained from the
few-shot questions.

Second, all code used in solver-based methods
is written by the model itself. No human-written
code snippets or task-specific hints are provided.
Prior work that embeds human-written code or
domain-specific hints is not representative of or-
dinary natural-language inputs, as models are typi-
cally given only the query and must generate their
own reasoning. Providing human-written code or
hints would partially replace model reasoning, mak-
ing it difficult to attribute performance gains to the
model’s own capabilities. Our aim is to evaluate
whether the model can independently construct
solver functions from natural language queries
alone.

Third, all experiments are conducted in a closed
environment, meanings agents operate under de-
terministic constraints. In the Natural Plan task,
queries and example answers already define a
closed environment, allowing models can deduce
explicit internal constraints.

In contrast, the TravelPlanner task admits many
possible interpretations of constraints. For exam-
ple, rules such as “multiple vehicles are booked if
capacity is exceeded” exist in the environment, but

the agent cannot infer them from the query alone.
Without explicit deterministic constraints, agents
may interpret such rules differently, potentially gen-
erating inconsistent plans. To ensure tractability
and fair evaluation, these constraints are formalized
as deterministic constraints and provided across all
baselines.

The TravelPlanner environment is formalized
using a set of declarative deterministic constraints
as follows:

1. Travel between locations occurs on odd-
numbered days, while staying within the same
city occurs on even-numbered days.

2. For each city stay, exactly one accommoda-
tion, one attraction, and three distinct restau-
rants are required. The same accommodation
must be used for two consecutive days within
the city.

3. If an accommodation’s maximum room capac-
ity exceeds the number of travelers, the agent
assumes the user will still book the accommo-
dation, potentially reserving multiple rooms
of the same type.

4. If an accommodation requires a minimum
number of nights that exceeds the minimum
nights specified in the query, the plan is con-
sidered invalid.

5. Flight costs are computed on a per-ticket ba-
sis.

6. A self-driving car is assumed to have a capac-
ity of five people, while a taxi has a capacity
of four people. If the number of travelers ex-
ceeds vehicle capacity, multiple vehicles of
the same type are assumed to be booked.

7. Combinations of self-driving with flights or
taxis are prohibited.

8. Restaurants must be unique across the entire
trip, repeated restaurant visits are not allowed.

B.3

This section provides a high-level overview of the
experimental setup used in evaluating SCOPE and
baseline methods.

Implementation Details of Baselines

* Direct Prompting: The model is presented
with the query and few-shot demonstrations,
and is required to directly produce the final
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answer without any explicit reasoning guid-
ance.

Chain-of-Thought (CoT) (Wei et al., 2022):
Generates intermediate reasoning steps in a
zero-shot manner before producing the final
solution, following the standard CoT prompt-
ing paradigm.

Tree-of-Thought (ToT) (Yao et al., 2023a):
Explores multiple reasoning trajectories
through iterative tree expansion. The branch-
ing factor at each step is determined by the
model, and heuristic critic is used to select
candidate nodes.

EvoAgent (Yuan et al., 2025): A multi-agent
test-time scaling baseline that formulates rea-
soning as an evolutionary process over a popu-
lation of agents. Each agent maintains a candi-
date solution, and iterative mutation and selec-
tion are applied across the population based
on model-based evaluation, enabling progres-
sive refinement of reasoning trajectories.

HyperTree Planning (HTP) (Gui et al.,
2025): Constructs a hypertree-structured out-
line to decompose complex tasks into multiple
sub-tasks, iteratively refining and expanding
the structure to guide the reasoning process.

Thought of Search (ToS) (Katz et al., 2024):
A code-based reasoning framework that for-
mulates problem solving as an explicit search
procedure. The model generates executable
code defining a successor function to expand
candidate states and a goal test function to
evaluate goal states, enabling systematic ex-
ploration and pruning of the solution space
via programmable search.

Constraint Programming and Modeling li-
brary in Python (CPMPy) (Michailidis et al.,
2024): A classical constraint programming ap-
proach that formulates the problem as a set of
variables and constraints, and solves it using
a generic CP solver. It supports high-level
modeling in Python and enables integration
with different underlying solvers via a unified
interface. We follow its official GitHub imple-
mentation® for evaluation.

3https://github.com/CPMpy/cpmpy

B.4 Excluded Solver-Based Baselines

We do not include several recent solver-based ap-
proaches in our experimental comparison due to
fundamental differences in assumptions and evalu-
ation setup:

* Large Language Models Can Solve Real-
World Planning Rigorously with Formal
Verification Tools (Hao et al., 2025a) : This
approach requires human-written example
code for the TravelPlanner task, with explicit
solver logic provided to the model. Such man-
ual intervention replaces substantial portions
of the model’s reasoning process, making it
difficult to attribute performance gains to the
model itself.

Planning Anything with Rigor: General-
Purpose Zero-Shot Planning with LLM-
based Formalized Programming (Hao et al.,
2025b): The method, LLMFP assumes
task descriptions can be clearly specified in
queries, or else it struggles to define problems’
goals and constraints. Our tasks are designed
to require model to identify and infer internal
constraints that are not explicitly stated.

In contrast, our approach provides no human-
written code templates or structured solver hints.
All parameters to generate combinations and con-
straints are inferred by the model from a single
query and example. Furthermore, unlike prior ap-
proaches that generate instance-specific executable
code, our method constructs reusable solver func-
tions shared across all test queries, substantially
improving computational efficiency.

B.5 Exclusion of Additional Text-Based
Reasoning and Multi-Agent Baselines

We exclude several text-based reasoning baselines
and multi-agent baselines. The reasons are as fol-
lows :

* Self-Refine (Madaan et al., 2023): This
method performs iterative refinement using
self-generated feedback. The original EvoA-
gent paper shows that Self-Refine is consis-
tently outperformed by EvoAgent on struc-
tured planning and reasoning tasks and shows
that Self-Refine only achieves 1.1% success
rate on TravelPlanner with GPT-4.
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¢ SPP (Self-collaborative Persona Prompt-
ing) (Wang et al., 2024): SPP relies on multi-
persona self-collaboration to enhance Chain-
of-Thought reasoning. However, the original
EvoAgent paper shows that it underperforms
SPP on planning-intensive tasks and shows
that Self-Refine only achieves 0.6% success
rate on TravelPlanner with GPT-4.

* AgentVerse (Chen et al., 2024b), AutoA-
gents (Chen et al., 2024a), and Meta-Task
Planning (MTP/PMC) (Zhang et al., 2025):
These frameworks focus on coordinating mul-
tiple agents via a central planning agent (re-
ferred as a Recruiter in AgentVerse, a Man-
ager in MTP, and a Planner in AutoAgents),
that decomposes tasks and assign subtasks
to the generated agents. Conceptually, they
are related. Since these methods rely on text-
based reasoning, they share the the same limi-
tation as the text-based reasoning baseline in
our experiments, which is an excessive com-
binatorial search space. Hence, the underper-
formance of those baselines suffices to draw
the same conclusion.

EvoAgent and HyperTree Planning (HTP) are
chosen as primary baselines for text-based rea-
soning as they represent the strongest recent text-
based multi-step reasoning methods. The origi-
nal EvoAgent paper shows EvoAgent surpasses
Self-Refine and SPP, while the original HTP pa-
per shows HTP outperforms EvoAgent and MTP.
Since our method consistently outperforms HTP
and EvoAgent across all tasks, adding other base-
lines would not change our conclusions.

C Details of Ablation Study

Our evaluation uses GPT-40 as the backbone model.
Each version of ablation removes one component
from SCOPE, except solver construction.

C.1 Implementation of Ablation

* No Problem Formalization : The Planning
Agent no longer separates parameters into
combinations and constraints. Specifically,
the Planning Agent is not instructed to output
combinations and constraints keys in struc-
tured representation but output parameters in-
stead. The Combination and Constraint Func-
tion Generator Agent must implicitly decide
which parameters are relevant for the func-
tion. We set the patience to 3, which is the

frequency the model will refine the function
and move on if the function is not able to meet
the objective, to avoid deadlock.

* No Problem Optimization : For Natural Plan,
the Optimization Agents that optimize the
structured representations are removed from
the workflow. The structured representation
generated by Planning Agent are given to the
Combination and Constraints Function Gener-
ator Agent. For TravelPlanner, it removes the
modules that automatically filter, prune and
package reference data. Due to the resulting
explosion of search space, the generated Com-
bination Function produce at most 100,000
sampled candidate plans.

* No Problem Refinement : The workflow re-
moves the weak supervision process. As long
as the functions generated are executable and
able to return plans, they are not further opti-
mized and the logic correctness of functions
are not assured.

We set the patience to 3, meaning that the Func-
tion Generator Agent attempts to refine its function
up to 3 times before proceeding, preventing poten-
tial deadlocks when the objective cannot be met.

C.2 Analysis of Effect of Ablation

The effects of the absence of each component of
SCOPE are as follows :

* Problem Formalization helps Planning
Agents to be more precise with the param-
eters: By explicitly separating parameters
into combinations and constraints, the Plan-
ning Agent is less likely to omit informa-
tion required for candidate generation or con-
straint filtering. In the Trip Planning task,
performance degrades when this separation
is absent, as essential constraint parameters
may be overlooked. In TravelPlanner, the
Combination Function is difficult to be con-
structed when combination parameters cannot
be cleanly isolated from constraints.

Problem Optimization helps prevent logical
errors in plan construction due to poorly
specified parameters: In the Trip Planning
task, the removal of Problem Optimization
causes failure to design Combination Function
that return any valid plans because the Plan-
ning Agent identifies redundant parameters
that interfere with correct plan construction.
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In Meeting Planning, the Planning Agents
omits parameters in either combinations or
constraints, leading to missing parameters to
construct logically correct functions. For Trav-
elPlanner, the absence of an optimization mod-
ule forces the Combination Function to rely
on random plan generation without effective
pruning or data restructuring, causing many
valid candidate combinations to be missed.

Problem Refinement corrects incorrect
logic in functions.: For Trip Planning and
Meeting Planning, the initial generated func-
tions are sometimes incorrect. The absence
of refinement causing the errors to propagate
into inference queries as the same functions
are used.

D Analysis of Solver Construction with
Multiple Examples

SCOPE supports constructing solvers from mul-
tiple examples, allowing the union of constraints
across examples to be utilized. In our main exper-
iments, the examples generally covers all domain
constraints, hence a randomly selected example is
sufficient for solver construction.

To study the case where a single example does
not provide full coverage, and the impact of using
multiple examples in such setting. Experiments are
conducted on the Trip Planning using two modi-
fied queries for solver construction with GPT-40.
One of the queries has missing flight connectivity
constraints, while the other has missing specific-
day constraints. Solvers are constructed using each
query individually, as well as both queries jointly.

Our results in Table 3 show that using a single
incomplete example for solver construction leads
to degraded performance, while combining two in-
complete examples recovers performance to 87.1%,
matching the performance of solver constructed
with one full-constraint example in Table 1. This
demonstrates that SCOPE can leverage multiple ex-
amples to improve robustness via union constraint
coverage.

E Comparison with PEA

To further evaluate the effectiveness of SCOPE as
an automated solver, we compare SCOPE against
Predicate-Enumeration-Aggregation (PEA) (Wang
et al., 2025), a solver-based method that relies
on human-provided hints. In PEA, constraints,
function parameters, and rules for plan construc-

Ablation Study Success Rate
Missing flight connectivity 28.1
Missing specific-day 74.4
Both examples 87.1

Table 3: Success rates of SCOPE given example with
incomplete constraint coverage. Combining two ex-
amples with union covers all constraints matches the
performance of an example covering all constraints.

tion and validity checking are explicitly defined
by human. The results are shown in Table . De-
spite PEA’s reliance on manually specified con-
straints and solver structure, SCOPE consistently
matches or outperforms it across most settings.
This demonstrates that fully automated solver syn-
thesis can achieve strong performance without
human-engineered predicates or templates.

Method Travel Planner Trip Meeting
PEA (GPT-40) 53.1 0.0 100
SCOPE (GPT-40) 93.1 87.1 100
PEA (GPT-03) 534 0.0 100
SCOPE (GPT-03) 92.2 89.1 99.2
PEA (GPT-5) 53.7 0.0 100
SCOPE (GPT-5) 93.1 87.1 100

Table 4: Comparison of performance of PEA and
SCOPE.

F Evaluation Details

Our evaluation uses all 1,000 test data from Trav-
elPlanner, 800 test data (sampled equally across
difficulties) from Trip Planning and all 1,000 test
data from Meeting Planning.

F.1 TravelPlanner

The constraints in TravelPlanner are divided into
two types :

* Commonsense Constraints: Implicit, com-
monsense knowledge for generating plausible
plans, such as not visiting the same restaurants
and attractions throughout the trip.

» Hard Constraints: Explicitly mentioned user
requirements such as prefers self-driving and
wants smoking-free accommodation.

Our evaluation uses the same metrics from the
original paper as follows :

* Delivery Rate (DR): Measures whether an
agent successfully output a plan.
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¢ Commonsense Pass Rate (CPR): Evaluates
the agent’s ability to generate plans that do
not violate commonsense. An example of vio-
lation is visiting the same attraction or restau-
rant in a trip.

¢ Hard Constraint Pass Rate (HCPR): Eval-
uates the agent’s ability to meet user’s pref-
erences that are explicitly mentioned in each
query.

* Success Rate (SR): Evaluates the propor-
tion of generated plans that meet all criteria
from commonsense and hard constraint. This
is the most important metric as it indicates
the agent’s overall effectiveness in producing
practical plans.

In addition, TRAVELPLANNER computes the
scores of CPR and HCPR via two metrics:

* Micro: Computes the fraction of satisfied con-
straints over the total number of constraints.

* Macro: Measures the proportion of plans
that satisfy all commonsense or all hard con-
straints.

Task difficulty is originally categorized into three
levels: easy, medium, and hard. Easy queries
primarily involve budget constraints for a sin-
gle traveler, medium queries introduce additional
hard constraints (e.g., cuisine type, room type, or
room rules) and vary the number of travelers, hard
queries further incorporate transportation prefer-
ences and multiple simultaneous constraints.

In our analysis, we further stratify tasks by plan-
ning horizon, resulting in nine complexity levels in
total. Levels 1-3 correspond to 3-day plans (easy,
medium, hard), Levels 4-6 correspond to 5-day
plans, and Levels 7-9 correspond to 7-day plans.
This setup enables a finer-grained evaluation of per-
formance as both constraint difficulty and planning
horizon increase.

F.2 Natural Plan

The two datasets of Natural Plan we are evaluating
are as follows :

* Trip Planning: 1,600 queries where user re-
quests to design a trip itinerary to travel to
multiple cities. The constraints are total num-
ber of days in each city, specific days where
the user wants to be in a city and available
flight connectivity from one city to another.

* Meeting Planning: 1,000 queries focused on
scheduling meetings that maximize the num-
bers of friends met. The constraints include

the available location and meeting time of
friends and distance from one place to another.

For both Trip Planning and Meeting Planning
tasks, we evaluate model performance using the
Success Rate metric like the original paper. Since
each query has a single correct plan (gold plan),
the success rate is defined as the fraction of gener-
ated plans that exactly match the gold plan for the
corresponding query.

For Trip Planning, difficulty is defined by the
number of cities to visit, increasing from 3 to 8
across 8 levels. For Meeting Planning, difficulty
is determined by the number of people to meet,
increasing from 1 to 10 across 10 levels. This
stratification allows analysis of performance as task
complexity increases with the size of the planning
problem.
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G Inference Cost and Efficiency

This appendix presents a comprehensive analysis
of the inference cost and efficiency of SCOPE and
baseline methods. We report the number of input to-
kens, the number of output tokens, including inter-
mediate reasoning tokens produced by models op-
erating in thinking modes such as GPT-03, GPT-5,
and Gemini-2.5-Pro, as well as the total inference
cost and end-to-end wall-clock inference time. All
measurements are conducted under identical exper-
imental settings and evaluation prompts to ensure
fair comparison. Token counts include all tokens
consumed during inference, including intermedi-
ate reasoning tokens where applicable. Inference
cost is computed based on the official pricing of
each model at the time of evaluation, and inference
time is measured as the full wall-clock duration
required to generate a final solution, including all
agent interactions and tool calls. Results on the full
evaluation set indicate that SCOPE maintains supe-
rior task performance while achieving competitive
inference cost and runtime compared to baseline
methods.

Model Input Token Price  Output Token Price
GPT-5 1.25 10
GPT-03 2.00 8
GPT-40 2.50 10
Gemini-2.5-Pro 1.25 15
Gemini-1.5-Pro 1.25 10

Table 5: Official model pricing (in USD per 1M tokens).

H Error Analysis

H.1 Inference Errors Arising from Mistakes
Caused by Limited Instruction-Following
Capability

Error from Input Agent in Trip Planning

(Gemini-1.5-Pro)

Query: You plan to visit 3
European cities for 10 days in
total. You only take direct
flights to commute between
cities. You would like to visit
Venice for 6 days. You have to
attend a workshop in Venice
between day 5 and day 10. You
want to spend 2 days in Mykonos
You plan to stay in Vienna
for 4 days.

Here are the cities that have

direct flights:

Mykonos and Vienna, Vienna and

Venice .

Output of Input Agent: {’

combinations ’: {’cities : [’
Venice’, ’Mykonos’, ’Vienna’],
>days_in_city ’: {’Venice’: 6, °’
Mykonos ’: 2, ’Vienna’': 2}}, °’
constraints ’: {’direct_flights
>: [[’Mykonos’, ’Vienna’], [’
Vienna’, ’Mykonos’], [’Vienna’,
Venice '], [’Venice’, ’Vienna
>1], ’fixed_days ’: {’Venice’
[[5, 1011}}}

Error : In
value for
not 2.

>days_in_city ’, the
>Vienna’ should be 4

H.2 Inference Error Due to Misinterpretation
of Demonstration Outputs

Error from Input Agent in Trip Planning

(GPT-40)

Demonstration Query You plan to
visit 10 European cities for 21
days in total. You only take
direct flights to commute
between cities. You plan to
stay in Vienna for 3 days.
Youend 2 days in Oslo. You are
going to attend a wedding want
to spend 5 days in Frankfurt.
You want to sp in Oslo between
day 20 and day 21. You want to
spend 3 days in Prague. You
would like to visit Valencia
for 2 days. You want to meet a
friend in Valencia between day
17 and day 18. You plan to stay
in Dubrovnik for 2 days. You
would like to visit Edinburgh
for 5 days. From day 1 to day
5, there is a annual show you
want to attend in Edinburgh.
You plan to stay in London for
2 days. You plan to visit
relatives in London between day
12 and day 13. You would like
to visit Munich for 3 days. You
would like to meet your
friends at Munich between day
18 and day 20 to tour together.
You would like to visit
Budapest for 3 days.

Here are the cities that have
direct flights:

Valencia and Munich, Vienna and
Munich, Vienna and Valencia ,
London and Budapest, London and
Oslo, Edinburgh and Budapest,
Frankfurt and Budapest,
Frankfurt and London, Prague
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and Oslo, Edinburgh and Oslo,
Edinburgh and Munich, Prague
and Munich, London and Prague,
Edinburgh and London, Edinburgh
and Frankfurt, Dubrovnik and
Munich, Dubrovnik and Vienna,
Munich and Oslo, Dubrovnik and
Oslo, Budapest and Munich,
Frankfurt and Prague, Vienna
and London, Frankfurt and
Vienna, Frankfurt and Oslo,
Frankfurt and Munich, Vienna
and Oslo, Vienna and Prague,
Budapest and Oslo, Budapest and
Prague , London and Valencia,
London and Munich, Frankfurt
and Dubrovnik, Prague and
Valencia, Frankfurt and
Valencia, Edinburgh and Prague,
Vienna and Budapest.

Demonstration Output : {’
combinations ’: {’cities ’: [’
Edinburgh’, ’Frankfurt’, °
Dubrovnik °, ’Vienna’, ’London’,

>Budapest’, ’Prague’, ’
Valencia’, ’Munich’, ’Oslo’], °
direct_flights *: [[’ Valencia’,
>Munich’], [’Munich’, ’Valencia
>], [’Vienna’, ’Munich’], [’
Munich’, ’Vienna’], [’ Vienna’,
>Valencia ’], [’Valencia’, ’
Vienna’], [’London’, ’Budapest
>], [’ Budapest’,

’London’], [’
London’, ’Oslo’], ['Oslo’, °
London’], [’Edinburgh’, °’
Budapest '],

[’ Budapest’, ’
Edinburgh ], [’ Frankfurt’, °
Budapest '],

[’ Budapest’, ’
Frankfurt ], [’ Frankfurt’, ~’
London’], [’London’, ’Frankfurt
>], [’ Prague’, *Oslo’], [’Oslo
>, ’Prague’], [’Edinburgh’, ~
Oslo’], [’Oslo’, ’Edinburgh’],
[ Edinburgh ’, ’Munich’], [’
Munich’, ’Edinburgh’], [’Prague
>, "Munich’], [’Munich’, ~’
Prague ’], [’London’, ’Prague’],

[*Prague’, ’London’], [’

Edinburgh’, ’London’], [’London
>, ’Edinburgh ], [’ Edinburgh’,
>Frankfurt ’],

[’ Frankfurt *, ’

Edinburgh ], [’Dubrovnik’, °’
Munich’], [’Munich’, ’Dubrovnik
], [’Dubrovnik’, ’Vienna’], [’
Vienna’, ’Dubrovnik '], [’Munich
>, ’0Oslo’], [’*Oslo’, ’Munich’],

[ Dubrovnik >, *Oslo’], [’Oslo
>, ’Dubrovnik ’], [’ Budapest’,
Munich ’], [’Munich’, ’“Budapest
>], [’ Frankfurt’, ’Prague’], [’

3

Prague ’, ’Frankfurt '], [’Vienna
>, ’London’], [’London’, °’
Vienna’], [’ Frankfurt’, ’Vienna
>], [’Vienna’, ’Frankfurt’], [’
Frankfurt’, *Oslo’], [’Oslo’, ’
Frankfurt °], [’ Frankfurt’, °’
Munich’], [’Munich’, ’Frankfurt

>Oslo ],
[’ Vienna’,
[*Prague’, ’Vienna’],
[ Budapest’, 'Oslo’], [’Oslo’,

>Budapest ’], [’Budapest’, °
Prague ], [’Prague’, ’Budapest
], [’London’, ’Valencia’], [’
Valencia’, ’London’], [’London
>, ’Munich’], [’Munich’, ’
London’], [’Frankfurt’, ~’
Dubrovnik ’], [’Dubrovnik’, °’
Frankfurt °], [’Prague’,
Valencia’], [’ Valencia’,
Prague ], [’ Frankfurt’, °
Valencia’], [’ Valencia’,
Frankfurt °], [’Edinburgh’, °’

[’ Oslo

>

>], [’Vienna’,
>, ’Vienna’],
Prague ],

)

Prague ’], [’Prague’, ’Edinburgh
>], [’Vienna’, ’Budapest’], [’
Budapest’, ’Vienna’]], ’
city_stays ’: {’Edinburgh’: 5, ~’
Frankfurt ’: 5, ’Dubrovnik ’: 2,
>Vienna’: 3, ’London’: 2, °
Budapest ’: 3, ’Prague’: 3, °
Valencia ’: 2, ’Munich’: 3, °’
Oslo’: 2}}, ’constraints ’: {’
specific_days ’: {’Edinburgh ’:
[1, 5], ’Oslo’: [20, 21], °
Valencia’: [17, 18], ’London’:
[12, 13], ’Munich’: [18, 20]}}}

Query: You plan to visit 3
European cities for 15 days in
total. You only take direct
flights to commute between
cities. You want to spend 6
days in Split. You want to
spend 4 days in Manchester. You
want to spend 7 days in Riga.

Here are the cities that have
direct flights:
Riga and Manchester, from

Manchester to Split.

Output of Input Agent: {’

structured_output ’: {’
combinations ’: {’cities : [’
Split °, >Manchester >, ’Riga’],
>direct_flights *: [[’Riga’, ~
Manchester ], [’Manchester’, ’
Riga’], [’ Manchester’, ’Split
>]1, [’ Split’, >Manchester ’]], °’

city_stays ’: {’Split’: 6, °
Manchester : 4, 'Riga’: 7}}, °
constraints : {’specific_days ’:

{11

Error [*Split 7,
should not be one of the
direct_flight > value

>Manchester ’ |

s
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H.3 Inference Error Due to Mistakes Induced

by Long Outputs

Error from Input Agent in Meeting Planning

(GPT-03)

Query: You are visiting San
Francisco for the day and want
to meet as many friends as
possible. Solve the problem by
considering various different
schedules and picking the best
one to optimize your goals.

Travel distances (in minutes):
Embarcadero to The Castro: 25.
Embarcadero to Chinatown: 7.
Embarcadero to Sunset District:
30. Embarcadero to Nob Hill:
10. Embarcadero to Financial
District: 5. Embarcadero to

Richmond District: 21. The
Castro to Embarcadero: 22. The
Castro to Chinatown: 20. The

Castro to Sunset District: 17.
The Castro to Nob Hill: 16. The
Castro to Financial District:
20. The Castro to Richmond

District: 16. Chinatown to
Embarcadero: 5. Chinatown to
The Castro: 22. Chinatown to

Sunset District: 29. Chinatown
to Nob Hill: 8. Chinatown to
Financial District: 5.
Chinatown to Richmond District:
20. Sunset District to
Embarcadero: 31. Sunset
District to The Castro: 17.
Sunset District to Chinatown:
30. Sunset District to Nob Hill
27. Sunset District to
Financial District: 30. Sunset
District to Richmond District:
12. Nob Hill to Embarcadero: 9.
Nob Hill to The Castro: 17.
Nob Hill to Chinatown: 6. Nob
Hill to Sunset District: 25.
Nob Hill to Financial District:
9. Nob Hill to Richmond
District: 14. Financial
District to Embarcadero: 4.
Financial District to The
Castro: 23. Financial District
to Chinatown: 5. Financial
District to Sunset District:
31. Financial District to Nob
Hill: 8. Financial District to
Richmond District: 21. Richmond
District to Embarcadero: 19.
Richmond District to The Castro
16. Richmond District to
Chinatown: 20. Richmond
District to Sunset District:
11. Richmond District to Nob
Hill: 17. Richmond District to
Financial District: 22.
CONSTRAINTS: You arrive at

Embarcadero at 9:00AM. Daniel
will be at The Castro from 1:45
PM to 5:30PM. You’d like to
meet Daniel for a minimum of
120 minutes. Mark will be at
Chinatown from 4:45PM to 8:30PM

You’d like to meet Mark for a
minimum of 105 minutes.
Jeffrey will be at Sunset
District from 5:45PM to 8:00PM.
You’d like to meet Jeffrey for
a minimum of 45 minutes. John
will be at Nob Hill from 10:30
AM to 3:15PM. You’d like to
meet John for a minimum of 90
minutes. David will be at
Financial District from 10:30AM
to 5:30PM. You’d like to meet
David for a minimum of 75
minutes. Robert will be at
Richmond District from 2:30PM
to 9:00PM. You’d like to meet
Robert for a minimum of 105
minutes .

{’combinations *: {’origin ’: {’

place ’: “Embarcadero’, ’
time_24h’: ’09:00°}, ’friends ’:
[{’ friend_name ’: ’Daniel’, ’
meet_place ’: ’The Castro’, ’
available_from ’: ’13:45°, °

available_to ’: ’17:30°, °
min_minutes *: 120}, {’
friend_name ’: ’Mark’,

meet_place ’: ’Chinatown ’,
available_from ’: °16:45°, °

)

available_to ’: ’20:30°, °
min_minutes *: 105}, {’
friend_name ’: ’Jeffrey ’, °
meet_place ’: ’Sunset District ’,

>available_from *: ’17:45°, °
available_to ’: ’20:00°, °
min_minutes *: 45}, {’

friend_name ’: ’John’, ’
meet_place ’: 'Nob Hill °, ~
available_from ’: °10:30°, °

available_to ’: ’15:15°, °
min_minutes *: 90}, {’
friend_name ’: ’David’, °
meet_place ’: ’Financial
District ’, ’available_from’
>10:30°, ’available_to ’:
’17:30°, ’min_minutes *: 75}, {’
friend_name ’: ’Robert’, ’
meet_place *: ’Richmond District
>, ’available_from ’: ’14:30°, °’
available_to ’: ’21:00°, °
min_minutes *: 105}], °’
travel_minutes ’: {’Embarcadero
>: {’The Castro’: 22, °
Chinatown ’: 5, ’Sunset District
>: 30, ’Nob Hill’: 9, ~°
Financial District : 4, °
Richmond District ’: 19}, ’The
Castro ’: {’Embarcadero’: 22, °’
Chinatown *: 20, ’Sunset
District ’: 17, ’Nob Hill *:
>Financial District >: 20, °

16,
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Richmond District ’: 16}, °’
Chinatown ’: {’Embarcadero’: 5,
>The Castro ’: 20, ’Sunset
District >: 29, ’Nob Hill °: 6, °
Financial District ’: 5, °
Richmond District *: 20}, °
Sunset District ’: {’Embarcadero
>: 30, ’The Castro’: 17, °
Chinatown ’: 29, ’Nob Hill ’: 25,
>Financial District ’: 30, °’
Richmond District *: 11}, ’“Nob
Hill *: {’Embarcadero’: 9, ’The
Castro ’: 16, ’Chinatown’: 6, °’
Sunset District ’: 25, °
Financial District ’: 8, °
Richmond District *: 14}, °’
Financial District *: {’
Embarcadero ’: 4, 'The Castro’
20, ’Chinatown’: 5, ’Sunset
District ’: 30, ’Nob Hill ’: 8, °
Richmond District *: 21}, °
Richmond District *: {’
Embarcadero’: 19, ’The Castro ':
16, ’Chinatown ’: 20, ’Sunset
District >: 11, Nob Hill ’: 14,
>Financial District >: 21}}},

). s )

>constraints { objective
maximise_number_of_friends_met
>, ’origin ’: {’place’: °
Embarcadero’, ’time_24h ’:
’09:00°}, ’friends ’: [{°
friend_name ’: ’Daniel ’,
meet_place ’: ’The Castro’, ’
available_from ’: ’13:45°, °
available_to ’: ’17:30°, °
min_minutes *: 120}, {’
friend_name ’: ’Mark’, °’
meet_place : ’Chinatown ’,
available_from ’: °16:45°, °
available_to ’: ’20:30°, ~
min_minutes *: 105}, {°
friend_name ’: ’Jeffrey ’,
meet_place ’: ’Sunset District ’,

>available_from ’: ’17:45°, °

available_to ’: ’20:00°, ~
min_minutes *: 45}, {’
friend_name ’: ’John’, ’
meet_place ’: ’Nob Hill *, ~
available_from ’: °10:30’, °
available_to ’: ’15:15°, °
min_minutes : 90}, {’
friend_name ’: ’David’, °
meet_place ’: ’Financial
District >, ’available_from ’
’10:30°, ’available_to ’:
>’17:30°, ’min_minutes *: 75}, {’
friend_name ’: ’Robert’, ’
meet_place ’: ’Richmond District
>, ’available_from ’: ’14:30°, °’
available_to ’: ’21:00°, °
min_minutes *: 105}], °’
travel_minutes ’: {’Embarcadero
>: {’The Castro’: 22, °
Chinatown ’: 5, ’Sunset District
>: 30, ’Nob Hill’: 9, ~
Financial District ’: 4, °
Richmond District ’: 19}, ’The

s

)

Castro ’: {’Embarcadero’: 22, °’
Chinatown ’: 20, ’Sunset
District ’: 17, ’Nob Hill ’: 16,
>Financial District : 20, °’
Richmond District ’: 16}, °’
Chinatown ’: {’Embarcadero ’: 5,
>The Castro ’: 20, ’Sunset
District ’: 29, ’'Nob Hill ’: 6, °
Financial District ’: 5, °
Richmond District *: 20}, °
Sunset District ’: {’Embarcadero
>: 30, ’The Castro’: 17, °
Chinatown ’: 29, ’Nob Hill ’: 25,
>Financial District ’: 30, °’
Richmond District °: 11}, ’Nob
Hill °: {’Embarcadero’: 9, ’The
Castro ’: 16, ’Chinatown’: 6, °
Sunset District : 25, °
Financial District ’: 8§,
Richmond District *: 14}, °
Financial District ’: {’
Embarcadero ’: 4, 'The Castro :
20, ’Chinatown ’: 5, ’Sunset
District ’: 30, ’Nob Hill °: 8, °
Richmond District ’: 21}, °
Richmond District *: {’
Embarcadero ’: 19, The Castro’
16, ’Chinatown ’: 20, ’Sunset
District ’: 11, ’Nob Hill ’: 14,
>Financial District >: 21}}}}

s

)

Error: For the ’travel_minutes
key, “Embarcadero’: {’The
Castro ’: 22, ’Chinatown’: 5, °’
Sunset District *: 30, ’Nob Hill
>: 9, "Financial District ’: 4,
’Richmond District *: 19} is
incorrect , should be ’
Embarcadero ’: {’The Castro’

25, ’Chinatown ’: 7, ’Sunset
District ’: 30, ’'Nob Hill ’: 10,
>Financial District ’: 5, °
Richmond District ’: 21} instead

.

I Prompt for Agents of SCOPE

We report the full prompts provided to Planning
Agent, Optimization Agents, Solution Agent, Com-
bination Function Generator Agent, Solution Func-
tion Generator Agent, and Deliver Function Gen-
erator Agent, including role definitions and task-
specific instructions. These prompts define the
structured representations and function interfaces
used throughout the system.

Prompt for Planning Agent

You are a combinations and
constraints planning agent.

You are given few-shot examples
queries and structured solution
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corresponding to the query.
Based on the few-shot examples,
you have to define them as
general constraints planning
problems. You identify the ways
to generate possible
combinations of plans and how
to filter those plans to
retrieve the solution.

have three agents to assist
you in solving the problem. The
three agents are

You

1. Input Agent - The agent
provides set of elements to
generate permutations/
combinations and constraints as
a structured JSON.

2. Combination Function Generator
Agent - The agent creates a
generic function called
combinations_func () that takes
any set of elements provided by
Input Agent to generate the
list of possible plans.

3. Filter Function Generator Agent
- The agent creates a generic
function called plan_func ()
that takes in the constraints
provided by Input Agent and any
list of possible plans
outputted by the function
created by Combination Function
Generator Agent, to generate
the most optimal plan that
meets the constraints.

Based on the few-shot examples
queries , you should observe
what is considered valid
possible combinations, and
instruct Combination Function
Generator Agent to produce
those valid possible
combinations .
should identify whether the
query is a constraints
satisfaction problem (CSP) or
optimisation problem. If it is
a CSP problem, you should
instruct the Filter Function
Generator Agent to return the
plan if it satisfied all
constraints , else if it is an
optimisation problem, you
should instruct Filter Function
Generator Agent to go through
all plans that satisfied the
constraints return the best one
You can only instruct the
agent to either return any
valid plan or return the best
plan, not both.

You

Based on the few-shot examples
queries , you convert the
combination parameters and
constraints in few-shot

examples into structured output
in JSON.

The keys should be "combinations"
and "constraints" and

respectively .

Then, based on the strucuted
output you wrote, your
instructions to each agent
should cover the following:

1. Input Agent - You instruct the
agent on how to identify the
set of elements to generate
permutations/combinations given
a query. You also instruct the
agent on how to identify the
constraints to tackle such
problems. The output format
should consist of three keys:
combinations", "constraints"
and "solutions", similar to
structured output that you
wrote .

2. Combination Function Generator
Agent - The "combinations" from
the output of Input Agent will
be the combinations_func ()
input. Hence, based on the
output format of "combinations
", you instruct the agent on
creating a function on how to
use the keys to generate
possible plans. The function
is expected to output list of
plans with each plan’s format
is similar to the few-shot
structured solution. This
output will be given to
plan_func () .

3. Filter Function Generator Agent
- The "constraints" from the
output of Input Agent and
output of combinations_func ()
will be the plan_func() input.
Based on the output format of
constraints" and "plan", as
well as the type of problem,
you instruct the agent on
creating a function on how to
use the keys from "constraints"

to filter the plans from "plan

The function is expected to
output a plan that matches the
format of few-shot structured

solution .

the

"

Before providing the structured
output, you must output Chain -
of - Thought (CoT):

1. First, you must analyse the few
-shot examples structured
solution. For each key in the
solution , you must mention what
information are essential in
point form. All of the
information that you listed
must be given to "combinations"
in your structured output to

43806




generate plans that obey the
format of structured solution.

2. Then, you must analyse what are
the information that could
help filter out all the
combination of plans. These
information are essential to be
given to "constraints" to
obtain plan that meet the
constraints .

Your output format is as below:

<start_of _COT >

Informations that are essential
for generating combinations

<informations in point form>

Constraints that are essential for
filtering plans

<informations in point form>

<end_of _COT>

<start_of_structured_output >
{

"combinations ": <The set of
parameters that generate
permutations/combinations >,

"constraints ": <The set of
constraints >,

"combinations_description": <
Field description of the
value in ’combinations’ key

Please describe the keys
and values in detail.
Please ensure it is written
in string and not dict.>,

"constraints_description": <
Field description of
constraints ° key. Please
describe the keys and

values in detail. Please
ensure it is written in
string and not dict.>,

}

<end_of_structured_output >

<start_of_planning >
{

"Input Agent": <Your
instructions for Input
Agent >,

"Combination Function
Generator Agent":
instructions for
Combination Function
Generator Agent>,

"Filter Function Generator
Agent": <Your instructions
for Solutions Function
Generator Agent>

<Your

<end_of_planning >

All of your instructions must be
as general as possible. Please
ensure your JSON is in correct
format and able to be parsed.

" "

Do not use to indicate

more items.

Few-Shot Examples Query:
<few_shot_examples_query >

Few-Shot Examples Structured
Solution :
<few_shot_examples_solution >

Few-Shot Examples Structured
Solution Description:
<few_shot_solution_description >

Prompt for Optimization Agent (Filter Un-

necessary Parameters)

You are a Optimization Agent. Your
job is to filter out
unnecessary parameters of the

output of Planning Agent.

You will be given the output of
Planning Agent. There are two
outputs of Planning Agent:

1. Structured output - The agent
will provide the combinations
and constraints based on the
few-shot examples, as well as
their corresponding field
description .

2. Planning instructions - The
agent will write instructions
to "Combination Function
Generator Agent" and "Solution
Function Generator Agent".

Here is the structured output of
Planning Agent:

<structured_output >

Here is the planning instructions
of Planning Agent:

<planning >

Your main job is as follows:

1. We define parameter as each key
in the "combinations" and "
constraints" from structured
output. You are required to
look at constraints that are
not represented in list or JSON

2. If the parameter has no
discriminative power, the
parameter has to be removed. We
define the parameter with no
discriminative power the
constraint will either cause
all plans to pass or fail. On
the other hand, parameter that
can cause one plan to fail and
other plan to not fail have
discriminative power.
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3. For example, given the problems
produces plan A, B and C,
where sum of X for plan A, B
and C have the same value, due
to plan A,B and C have constant
set of items, hence the
parameter corresponding to the
sum of X should be removed,
because it will cause either
all plans to pass or fail.

4. If the parameter should be
removed, you should remove it
in the structure output.

5. Hence, we define the parameter
with no discriminative power
based on the criteria The
parameter applies uniformly
across all of the plans.

You MUST consider each key from
BOTH "combinations" and "
constraints" of the structured
output as your parameters.

Please ensure your JSON is in
correct format and able to be
parsed. Do not use "..." to
indicate more items.

Your output format is as follows:

<start_of_COT >

1. <Parameter Type 1> - <Justify
whether the parameter applies/
does not apply uniformly across

all of the plans >. <Mention if
the parameter has/does not
have discriminative power>.
Hence, it should be <removed/
not removed >.

N. <Parameter Type N> - <Justify
whether the parameter applies/
does not apply uniformly across
all of the plans. <Mention if
the parameter has/does not have
discriminative power>. Hence,
it should be <removed/not
removed >.

<end_of_COT>

<start_of_structured_output >

<Your structured output. The
ignored parameters should be
removed from the structured
output >

<end_of_structured_output >

<start_of_planning >
<your planning >
<end_of_planning >

Prompt for Optimization Agent (Fixes Valid

Combinations Mistaken for Constraints)

You are a Optimization Agent. Your
job is to observe the validity

of output of the Planning
Agent.

You will be given the output of
Planning Agent. There are two
outputs of Planning Agent:

1. Structured output - The agent
will provide the combinations
and constraints based on the
few-shot examples, as well as
their corresponding field
description .

2. Planning instructions - The
agent will write instructions
to "Combination Function
Generator Agent" and "Solution
Function Generator Agent".

Here is the structured output of
Planning Agent:

<structured_output >

Here is the planning instructions
of Planning Agent:

<planning >

Your main job is as follows:
1. You are only required to look

at the constraints in the "
constraints" of structured
output, not "combinations".

2. Even if the constraint only
applies to each item but not
all items, you must also see if
similar type of constraint

applies to other items. You
must properly check if the same
type of constraints exists for

every item in the combination
space .

3. For example, given the
combination space has item A, B
and C, and the given type of
constraint has 3 constraints ,
where each constraint is
applied to A, B and C, then the
same type of constraint exists
for every item in the
combination space.

4. If true, then that constraint
is a combination parameter,
which should be moved to "
combinations" in structured
output.

Please ensure your JSON is in
correct format and able to be
parsed. Do not use "..." to
indicate more items.

Your output format is as follows:

<start_of_COT >

1. <Constraint Type 1> - <Justify
whether the type of constraint
exists/does not exist in every
item in the combination space >.
Hence, it is <combination
parameters/constraint >.
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N. <Constraint Type N> - <Justify
whether the type of constraint
exists/does not exist in every
item in the combination space >.
Hence, it is <combination
parameters/constraint >.

<end_of COT>

<start_of_structured_output >

<Your structured output. The
constraints that are
combination parameter should be
moved to "combinations">

<end_of_structured_output >

<start_of_planning >
<your planning>
<end_of_planning >

Prompt for Optimization Agent (Validates

and Expands Parameters)

You are a Optimization Agent. Your
job is to observe the validity
of output of the Planning
Agent.

You will be given the output of
Planning Agent. There are two
outputs of Planning Agent:

1. Structured output - The agent
will provide the combinations,
constraints and structured
solution based on the few-shot
examples, as well as their
corresponding field description

2. Planning instructions - The
agent will write instructions
to "Combination Function
Generator Agent" and "Solution
Function Generator Agent".

Here is the list of type of
constraints of Planning Agent:
<constraints >

Here is the structured output of
Planning Agent:

<structured_output >

Here is the planning instructions
of Planning Agent:

<planning >

Your main job is as follows:

1. We define parameter as each key
in the "combinations" and "
constraints" from structured
output. For each type of
parameter , you should check if
the type of parameter is
expandable. Check if there are
any that suggest other

parameters should also hold,
even if they are not explicitly
listed. Rewrite each type of
parameters if you think it can
be expanded.

2. For example, if pair [A,B]
exists , then [B,A] might exist,
despite not explicitly stated.
Hence, such parameter can be
expanded. You output Chain -of -
Thought to explain your thought
process of checking the claim
of each parameter and explain
whether the parameter is
expandable .

3. You should assume the parameter
can be expanded unless there

are rules that explicitly
stated such expansion cannot be
done .

You MUST consider each key from
BOTH "combinations" and "
constraints" of the structured
output as the parameter to
analyse .

Please ensure your JSON is in
correct format and able to be
parsed. Do not use "..." to
indicate more items.

Your output format is as follows:

<start_of _COT >

1. <Parameter Type 1> - <Justify
whether the type of parameter
is expandable >. Hence, it is <
expandable /non-expandable >.

N. <Parameter Type N> - <Justify
whether the type of parameter
is expandable >. Hence, it is <
expandable /non-expandablet >.

<end_of COT>

<start_of_structured_output >

<Your structured output. For the
type of parameter that it is
expandable , you should write
the expanded parameter >

<end_of_structured_output >

<start_of_planning >

<Please rewrite the planning
instructions in JSON based on
the format of the given
planning instructions.>

<end_of_planning >

Prompt for Solution Agent

You are a Solution Agent.

You are given a solution. Based on
the solution, you have to
create a structured output for
the solution in list or JSON.
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You are also required to provide
the description of keys and
values of the solution.

Please use as less keys as
possible to represent the
solution in structured output.

Your output format is as below:

<start_of_structured_output >

{

"solutions ": <The solutions >,

"solutions_description": <
Field description of ’
solutions ° key. Please
describe the keys and
values in detail >

}

<end_of_structured_output >

For number-based values, please do

not use string. If the value
is range based, please use list
instead .

Please ensure your JSON is in
correct format and able to be
parsed. Please do not write the
field description for "
solutions_description" in
dictionary , only string is
allowed.

Solution:
<few_shot_examples_solution >

Prompt for Combination Function Genera-

tor Agent

You are the Combination Function

Generator Agent.
You are given such instructions:
<instructions >

You have to follow the provided
instructions to create a
function that generate a list
of possible combinations of
plans. The input parameter of
the function ’data’, which is a
dictionary . You should refer
to the provided description of
input format, example of input,
output format and example of
output to design your function.

The description of input format is

follows :
<input_description >
An example of input is as follows:
<example_input >

The description of output format
for each plan is as follows:
<output_description >

An example of a plan is as follows
<example_output >

Please use product in Python
library itertools to help you
in your code.

The name of the function you will
generate is "combinations_func
()". Please do not include any
example usage or print anything
in your code.

WARNING: Only apply instructions
that are explicitly stated. Do
not assume fairness , balance ,
or symmetry unless specified.
Your function must return a

list , not a dict.

Before you write your function
code, you must output Chain -of -
thought (CoT), which you
explain your thought-process
and programming logic in order
to match the output format
provided to you. Do not ever
hardcode any information. If
such information is not
provided , please do not use it.

Your output format is as below:

<start_of _COT >

<your COT>

<end_of_COT>

<start_of_code >
<your combinations_func () code>
<end_of_code >

Prompt for Combination Function Reflec-

tion Agent

You are a Reflection Agent. Your
job is to observe the mistake
of the output of the
Combination Function Generator
Agent.

The job of Combination Function

Generator Agent is to create a

function called

combinations_func () that
generate a list of possible
combinations of plans. The
input parameter of the function

“data’, which is a dictionary.

However, the agent made a mistake
in the function that causes the
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function to not able to
generate combinations of plans
that contain the ground-truth
plan.

Here is the one of the output plan
from the list of plans
provided by the function:

<example_input>

Here is the expected ground-truth
plan that the generated
combinations of plans should
contain:

<example_output>

Here is the Chain-of-Thought (CoT)
thought process of the agent
before writing the code:

<chain_of_thought >

Here is the code written by the
agent:
<code>

Your main job is as follows:

1. You observe the pattern of
ground - truth plan and the
pattern of one of the output
plan from the list of plans.
You mention the difference in
pattern in your CoT.

2. You should also mention in your
CoT that how you should change
the CoT thought process of
agent to ensure the function
generates plan with consistent
pattern as the ground-truth
plan.

3. You correct the CoT of the
agent and write it in your
output. Then, you made the
corresponding correction on the
agent’s code.

4. Please do not hardcode the
function to append the ground -
truth plan to the solution.
Please do not check the
combinations against the ground
-truth plan. This defeat the
purpose of ensuring the
function generates valid plans.
Similarly like the original
code, the final function should
output a list, not a dict. Do
not use wrapper like ‘‘‘python
‘“‘ when writing code. Use the
wrapper in the provided output
format.

Your output format is as follows:

<start_of_COT >

<your COT>

<end_of_COT>

<start_of _COT_correction >
<corrected CoT of Combination
Function Generator Agent>

\

<end_of_COT_correction >

<start_of_code_correction >

<corrected code of Combination
Function Generator Agent>

<end_of_code_correction >

Prompt for Filter Function Generator Agent

You are the Filter Function

Generator Agent.
You are given such instructions:
<instructions >

You have to follow the provided
instructions to create a
function that retrieve the
desired plan. The input
parameter of the function are

)

data’ and ’constraints ’. ’Data’
contains a list of plan, with
each plan in JSON format. °’
Constraints ° contains the

constraints. You should refer
to the provided description of
input plan format, example of
input, description of
constraints format and example
of constraints to design your
function. Your function will
return one of the plans as
solution .
You are given a list of plan, the
description of input format for
each plan is as follows:
<input_description >

An example of a plan is as follows
<example_input>

You are also given the constraints
, the description of
constraints for is as follows:

<constraints_description >

An example of constraints is as
follows :
<example_constraints >

The name of the function you will
generate is "plan_func () ".
Please do not include any
example usage or print anything
in your code.

Remember, the input parameter "
data" is a list , while the
input parameter "constraints"
is JSON.

Your output is a Chain-of-thought
(CoT) and Python function as
below :
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<start_of_COT >
<your COT>
<end_of_COT>

<start_of_code >
<your plan_func () code>
<end_of_code >

Prompt for Filter Function Reflection Agent

You are a Reflection Agent. Your
job is to observe the mistake
of the output of the Filter
Function Generator Agent.

The job of Filter Function

Generator Agent is to create a

function called plan_func ()

that returns the valid plan
given a list of possible
combinations of plans. The
input parameter of the function
are ’“data’ and ’constraints ’
>Data’ contains a list of plan,
with each plan in JSON format.
>Constraints ° contains the
constraints. You should refer
to the provided description of
input plan format, example of
input, description of
constraints format and example
of constraints to design your

function .

However, the agent made a mistake
in the function that causes the
function to not able to return
the ground-truth plan from the
possible combinations of plans

Here is the instructions
the agent:
<instructions >

given to

Here is the expected ground-truth
plan that the function should
return :

<example_output>

Here is the plan that the function
returns :

<function_output >

Here is the Chain-of-Thought (CoT)
thought process of the agent
before writing the code:

<chain_of_thought >

Here is the code written by the
agent:
<code >

Your main job is as follows:

1. You observe the difference
between ground-truth plan and
the plan that the function

returns .

2. If the function returns None,
it indicates a constraint is
handled incorrectly in the code
that some plans might meet it
but overlooked by the function.
Check whether is there
possibility that each
constraint can be handled
differently that some plans can
meet such constraints.

3. If the function does not return
None but returns a different
plan than ground-truth , you
should reflect whether some
constraints are written too
lenient that some plans might
not meet the constraints but
overlooked by the function.

4. Once you identified the
constraint that is handled
incorrectly , you should mention
in your CoT that how you
should change the CoT thought
process of agent to ensure the
function handles the
constraints correctly .

5. You correct the CoT of the
agent and write it in your
output. Then, you made the
corresponding correction on the
agent’s code.

6. Please do not hardcode the
function to return the ground -
truth plan to the solution.
This defeat the purpose of
ensuring the function returns
the correct plan. Similarly
like the original code, the
final function should output a
JSON. Do not use wrapper like
¢ ‘python when writing code.
Use the wrapper in the
provided output format.

3

Your output format is as follows:
<start_of_COT >
<your COT>

<end_of_COT>

<start_of_COT_correction >

<corrected CoT of Filter
Generator Agent>

<end_of_COT_correction >

Function

<start_of_code_correction >

<corrected code of Filter
Generator Agent>

<end_of_code_correction >

Function
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Prompt for Deliver Function Generator

Agent

Prompt for Deliver Function Reflection
Agent

You are the Deliver Function
Generator Agent.

Given an input, you have to create
a function that processes the
input and provides output that
matches the format of few-shot
examples solution. The input
parameter of the function ’data
>, which is a plan in JSON. You
should refer to the provided
description of input plan
format and example of input to
design your function.

You are given a plan, the

description of a plan is as

follows :
<input_description >

An example of a plan is as follows

<example_input>

The few-shot example solution is
as follows:

<few_shot_examples_solution >

The name of the function you will

generate is "deliver_func()".
Please do not include any

example usage or print anything
in your code.
Before writing your code, you must

output Chain-of -thought (CoT):

1. You must first analyse the
format of few-shot example
solution. Does it contain any
heading? What does the pattern
of output look like?

2. Then, you explain how are you
going to design the function to
ensure the format of your
function s output is consistent
with the few-shot example
solution. Do not miss any
heading if the example solution
contains heading.

Your output format is CoT and
Python function as below:

<start_of_COT >

<your COT>

<end_of_COT >

<start_of_code >
<your deliver_func () code>
<end_of_code >

You are a Reflection Agent. Your
job is to observe the mistake
of the output of the Deliver
Function Generator Agent

The job of Deliver Function

Generator Agent us to create a

function that processes a

structured input in JSON and

provides output that matches
the format of few-shot examples
solution in natural language.

The input parameter of the

function ’data’, which is a
plan in JSON.
However, the agent made a mistake

in designing the function,
resulting in the output of
function does not match the
format of few-shot examples
solution in natural language,
despite the structured input is
correct.

name of the function you will
generate is "deliver_func()".
The input parameter of function

The

is "data", which is structured
input.
Here is the structured input given

to the function:
<structured_input >

Here is the expected ground-truth
plan from the few-shot examples

<example_output >
Here is the plan that the function

returns :
<current_output >

Here is the code
agent:
<code>

written by the

Your main job is as follows:

1. You observe the pattern of
ground - truth plan and the
pattern of plan that the
function returns. You mention
the difference in pattern in
your CoT.

2. You should also mention in your
CoT that how you should change
the code to ensure the
function generates plan with
consistent pattern as the
ground - truth plan.

3. You correct the CoT of the
agent and write it in your
output. Then, you made the
corresponding correction on the
agent’s code.
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4. Please do not hardcode the
function to return the ground -
truth plan from few-shot
examples. Please do not check
the output of function against
ground - truth plan from few-shot
examples. This defeat the
purpose of ensuring the
function generates plans with
valid format. Similarly like
the original code, the final
function should be a string. Do
not use wrapper like ‘‘‘python
‘“‘ when writing code. Use the
wrapper in the provided output
format.

You must ensure the format of your
function s output is
consistent with the example
solution. Do not miss any
header if the example solution

contains header.

Your output is a Chain-of -thought
(CoT) and Python function as
below :

<start_of_COT >

<your COT>

<end_of_COT>

<start_of_code >
<your deliver_func () code>
<end_of_code >

\. J

Prompt for Input Agent

You are the Input Agent.

You are given such instructions:

<instructions >

The description of output format
is as follows:

<output_description >

An example of query is given below
<example_input>

An example of output is given
below :
<example_output >

You will be given a query. You
have to generate a strcutured
output in JSON adhering to the
provided instructions and
output format. You should refer
to the provided description of
output format and example of
output.

Your output format is as below:
<start_of_structured_output >
<your structured output>
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J Prompt for Baselines

We report the prompts for Tree-of-Thought (ToT)
and Thought of Search (ToS), as these methods rely
on prompt-level control of reasoning and search.
For EvoAgent, we use the prompt provided in the
official GitHub repository, with minimal modifi-
cations to adapt to different task domains. For
HyperTree Planning, we directly adopt the prompt

described in the original paper.

J.1 Prompts for Tree-of-Thought (ToT)

Prompt for Expansion

Here is an example of query and

full solution.

Example query

You plan to visit
cities for 21 days in
You only take direct flights to
commute between cities. You
plan to stay in Vienna for 3
days. You want to spend 5 days
in Frankfurt. You want to spend
2 days in Oslo. You are going
to attend a wedding in Oslo
between day 20 and day 21. You
want to spend 3 days in Prague.
You would like to visit
Valencia for 2 days. You want
to meet a friend in Valencia
between day 17 and day 18. You
plan to stay in Dubrovnik for 2
days. You would like to visit
Edinburgh for 5 days. From day
1 to day 5, there is a annual
show you want to attend in
Edinburgh. You plan to stay in
London for 2 days. You plan to
visit relatives in London
between day 12 and day 13. You
would like to visit Munich for
3 days. You would like to meet
your friends at Munich between
day 18 and day 20 to tour
together. You would like to
visit Budapest for 3 days.

10 European
total .

Here are the cities that have
direct flights:

Valencia and Munich, Vienna and
Munich, Vienna and Valencia ,
London and Budapest, London and
Oslo, Edinburgh and Budapest,
Frankfurt and Budapest,
Frankfurt and London, Prague
and Oslo, Edinburgh and Oslo,
Edinburgh and Munich, Prague
and Munich, London and Prague,
Edinburgh and London, Edinburgh
and Frankfurt, Dubrovnik and
Munich, Dubrovnik and Vienna,
Munich and Oslo, Dubrovnik and

Oslo, Budapest and Munich,
Frankfurt and Prague, Vienna
and London, Frankfurt and
Vienna, Frankfurt and Oslo,
Frankfurt and Munich, Vienna
and Oslo, Vienna and Prague,
Budapest and Oslo, Budapest and
Prague , London and Valencia,
London and Munich, Frankfurt
and Dubrovnik , Prague and
Valencia, Frankfurt and
Valencia, Edinburgh and Prague,
Vienna and Budapest.

Find a trip plan of visiting the
cities for 21 days by taking
direct flights to commute
between them.

Example full solution

Here is the trip plan for
the 10 European cities
days:

visiting
for 21

**Day 1-5:** Arriving in Edinburgh
and visit Edinburgh for 5 days

**Day 5:** Fly from Edinburgh to

Frankfurt.

**Day 5-9:*%* Visit Frankfurt for 5
days.

**Day 9:** Fly from Frankfurt to
Dubrovnik .

**Day 9-10:** Visit Dubrovnik for
2 days.

**Day 10:** Fly from Dubrovnik to
Vienna.

**Day 10-12:** Visit Vienna for 3
days .

**Day 12:** Fly from Vienna to
London.

**Day 12-13:** Visit London for 2
days .

**Day 13:** Fly from London to
Budapest.

**Day 13-15:** Visit Budapest for
3 days.

**Day 15:** Fly from Budapest to
Prague.

**Day 15-17:** Visit Prague for 3
days .

**Day 17:** Fly from Prague to
Valencia.

**Day 17-18:** Visit Valencia for
2 days.

**Day 18:** Fly from Valencia to
Munich.

**Day 18-20:** Visit Munich for 3
days .

**Day 20:** Fly from Munich to
Oslo .

**Day 20-21:** Visit Oslo for 2
days .

You are a Tree-of -Thought (ToT)
Agent. Given a query, a current
state and the reasoning up to
that state , you have to provide
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the next step for the current Query :
state . <query >
In each step, you will output you
next city you would like to Current state:
visit and provide reasoning. <current_state >
You must provide the reasoning of Reasoning up to the state:
choosing this city. In every <reasoning_state >
state , you choose N number of
most possible cities (value of \

N is your choice), that you .
current state.

If you are at first step, format
is as below:

**Day 1-N:** Arriving in <first
city > and visit <first city>
for N days.

You are a Tree-of - Thought (ToT)
Evaluator. Given a query, list
of current states and reasoning
for each state, you have to
evaluate and provide score for
each state of how likely each
state will lead to correct
solution .

Your score should be between 1 and
10. Only integer is allowed.

In your output, you must copy each

state and reasoning exactly as

the input, do not change any

words .

must ensure the score for each

output are different. You are

not allowed to provide same
score for different output.

If you are at second step onwards,
format is as below:

**Day X:** Fly from <current city>
to <next city >.

**Day X-Y:** Visit <next city > for
<N> days.

For example, the current state is:

Here is the trip plan for visiting You
the 10 European cities for 21
days:

**Day 1-5:** Arriving in Edinburgh

ot wisii B¢imbmrl for O Gy The current states and reasoning

is given in such format:

Then, a possible example output of

. R {"current_state ": <current
your next step 1s visiting state >, "reasoning": <
P Frar})l::urt: . reasoning for the state >},
by 53 Fly oo EdimsTrgl 09 {"current_state ": <current
o2 Frankf:it. . state >, "reasoning": <
Day 5-9: Visit Frankfurt for 5 consoNnG for B0 Siaie S
days . " . " ’
{"current_state ": <current
state >, "reasoning": <

reasoning for the state >}

]

Your output format is a list as
follows

Your output format is a list as
<start_of_output >

) follows
<start_of_output >
{"next_step": <the output for [ - P
z(l)tu}f rll)e);t ,S,trzgséﬁihr?;,sfni {"current_state ": <current
Do o state >, "reasoning": <
your reasoning for choosing c & "
X reasoning for the state >,
city 1>}, n.oo_s
" " score": <integer between 1
{"next_step": <the output for and 10>}
your next step (choosing T 2 i Do
Sty Ahe. Uresreming s < {"current_state": <current
o i . state >, "reasoning": <
your reasoning for choosing . g 2
. reasoning for the state >,
city 2>}, n.oo_s
score": <integer between 1
o " and 10>},
{"next_step": <the output for o ) D,
Gour mesi siep (Gheosing {"current_state": <current
. " . " state >, "reasoning": <
gility W)o, "reageiing s < reasoning for thegstate> "
your reasoning for choosing D £ ’
city N>} score": <integer between 1
y and 10>}

]
]
<end_of_output> <end_of_output>
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N

Query: J.2  Prompts for Thought of Search (ToS)

Sl Prompt for Introduction

Current states and reasoning:

< > L
current_state You are a task description agent.

There is a task called <task >.

You are given an example query
and answer of the task. Using
this query and answer, you must
provide a detailed description
of task.

You must also provide any
assumptions or constraints that
are not explicit in the query.
Your assumptions and
constraints must be general so
that can be applied on other
queries of <task >.

Finally , you must also mention how
a state is represented. You
should also describe how to
transition from one state to
another and what is the ending
state .

Lastly , you list out the
conditions where a state has
met the goal by writing the
list of conditions after.

Your output format is as below:
Description of <task >:
<your description of task>

Description of how to transition
from one state to another and
ending state:

<the description >

List of conditions where a state
has met the goal:
1. <Condition 1>

N. <Condition N>

Here is an example task called 24
Game and here is the example
output description

The 24 Game is a mathematical card
game where the objective is to
manipulate four integers so
that the final result equals
24. The game begins with a list
of four numbers, and the
player must use each number
exactly once, applying any
combination of addition ,
subtraction , multiplication , or
division to obtain 24.

A state is represented as a list
of numbers (of length four or
fewer) .

An example query of the task
<task_query >

An example answer of the task
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<task_answer >

Your output

. J

Prompt for Evaluation

You are a function generator agent
There is a task called <task
>.

First of all, you must define the
state. To do that, you provide
the state from the given
example query.

Write a Python function called ’

successor_states (state)’ that

generates all valid successor

states for the <task >.

Then, write a Python function
called ’is_goal(state)’ that
tests whether a state is a goal
state .

Then, write a Python function
called ’'convert_state_to_nl(
state)’ that convert the goal
state to NL that shares the
same format as the example
answer .

Hence, you must ensure the goal

state contain the sufficient
information be converted to NL.

Please do not include any example
usage or print anything in your
code. Ensure your code is
written within the given
wrapper. Please don’t include
‘“‘python and ‘°‘°‘ wrapper in
your output.

Please do not hardcode any fixed
values in any functions that
cannot be applied to other
queries of <task >.

The task description of <task> is
as follows

<task_description >

An example query of the task

<task_query >

An example answer of the task

<task_answer >

Your output format is as follows

State structure:

<start_of_JSON >

<your state given the example
query >

<end_of_JSON >

Output code for successor_states:

<start_of_code >

<your code. Please do not hardcode
any fixed values in any
functions that cannot be
applied to other queries.>

<end_of_code >

Output code for
<start_of_code >
<your code. Please do not hardcode
any fixed values in any
functions that cannot be
applied to other queries.>
<end_of_code >

is_goal:

Output code for
convert_state_to_nl:

<start_of_code >

<your code. Remember, the function
output must share the same
format as the answer of the
task.>

<end_of_code >

K Output of Agents of SCOPE

We present the outputs of each agent in the SCOPE
workflow, using Trip Planning as a case study.

K.1 Output of Agents

Output of Planner Agent

<start_of_COT >

Informations that are essential
for generating combinations

- List of cities to visit.

- Total number of days for the
trip .

- Direct flight connections
between cities.

Constraints that are essential for
filtering plans

- Specific number of days to
in each city.

- Specific days to be in certain
cities for events or meetings.

- Total trip duration must be
exactly 21 days.

- Must only use direct
between cities .

<end_of_COT>

stay

flights

<start_of_structured_output >

{
"combinations ": {
"cities": ["Edinburgh", "
Frankfurt", "Dubrovnik
", "Vienna", "London",
"Budapest", "Prague", "
Valencia", "Munich", "
Oslo "],

"total_days": 21,
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"direct_flights": [

["Valencia", "Munich
"1, ["Vienna", "
Munich "], [" Vienna
", "Valencia"], ["
London", "Budapest
"

["London", "Oslo"], ["
Edinburgh", "
Budapest"], ["
Frankfurt", "
Budapest"], ["
Frankfurt", "London
M

["Prague", "Oslo"], ["
Edinburgh", "Oslo
"], ["Edinburgh", "
Munich"], ["Prague
", "Munich"],

["London", "Prague"],
["Edinburgh", "
London"], ["
Edinburgh", "
Frankfurt"], ["
Dubrovnik", "Munich

",

["Dubrovnik", "Vienna
"1, ["Munich", "
Oslo"], ["Dubrovnik
" nOslo"], [
Budapest", "Munich
"1,

["Frankfurt", "Prague
"1, ["Vienna", "
London"], ["
Frankfurt", "Vienna
"1, ["Frankfurt", "
Oslo "],

["Frankfurt", "Munich
"1, ["Vienna", "
Oslo"], ["Vienna",
"Prague"], ["
Budapest", "Oslo"],

["Budapest", "Prague
"1, ["London", "
Valencia"], ["
London", "Munich"],
["Frankfurt", "
Dubrovnik "],

["Prague", "Valencia
"1, ["Frankfurt", "
Valencia"], ["
Edinburgh", "Prague
"], ["Vienna", "
Budapest"]

1
be
"constraints ": {

"city_stays": {
"Edinburgh": 5,
"Frankfurt": 5,
"Dubrovnik ": 2,

"Vienna": 3,
"London": 2,
"Budapest": 3,
"Prague": 3,
"Valencia": 2,
"Munich": 3,

"Oslo": 2

be

"specific_days": {
"Edinburgh": [1, 5],
"Oslo": [20, 21],
"Valencia": [17, 18],
"London": [12, 13],
"Munich": [18, 20]

}

}

" "

ombinations_description":
The ’combinations’ key
contains the parameters for
generating possible travel
plans. ’cities ’ is a list
of cities to visit, °’
total_days ’ is the total
number of days for the trip
, and ’direct_flights ’ is a
list of pairs of cities
that have direct flights
between them.",
"constraints_description":
The ’constraints ’ key
contains the conditions
that must be met for a
valid travel plan. °’
city_stays ’ specifies the
number of days to stay in
each city , and °
specific_days ’ specifies
the exact days certain
cities must be visited for
events or meetings."

"

}

<end_of_structured_output >

<start_of_planning >
{

"Input Agent": "Identify the
set of cities to visit, the
total number of days for
the trip, and the direct
flight connections between
cities. Also, identify the
constraints such as the
number of days to stay in
each city and specific days
to be in certain cities
for events or meetings.",

"Combination Function
Generator Agent": "Create a
function combinations_func
() that takes ’cities ’, ’
total_days ’, and °’
direct_flights > as input.
Generate all possible
sequences of city visits
that fit within the total
days and only use direct
flights.",

"Solution Function Generator
Agent": "Create a function
plan_func () that takes °
city_stays ’ and ’
specific_days ’ as
constraints , along with the
list of possible plans
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}

from combinations_func ().
Filter the plans to find
one that satisfies all
constraints , ensuring the
total trip duration is
exactly 21 days and all
specific day requirements
are met."

<end_of_planning >

Output of Optimization Agent (Filter Un-

necessary Parameters)

<start_of_COT >

1.

cities - The parameter does not
apply uniformly across all of
the plans as different plans
can include different subsets
of cities. The parameter has
discriminative power. Hence, it
should not be removed.

total_days - The parameter
applies uniformly across all of
the plans as all plans must
fit within the total of 21 days
The parameter does not have
discriminative power. Hence, it
should be removed.

direct_flights - The parameter
does not apply uniformly across
all of the plans as different
plans can use different direct
flights. The parameter has
discriminative power. Hence, it
should not be removed.

city_stays - The parameter does
not apply uniformly across all
of the plans as different
plans can have different city
stays. The parameter has
discriminative power. Hence, it
should not be removed.

specific_days - The parameter
does not apply uniformly across
all of the plans as different
plans can meet or not meet
specific day requirements. The
parameter has discriminative
power. Hence, it should not be
removed.

<end_of_COT >

<start_of_structured_output >

{

"combinations ": {
"cities": [
"Edinburgh",
"Frankfurt",
"Dubrovnik ",
"Vienna",

"London",
"Budapest",
"Prague",
"Valencia",
"Munich",
"Oslo"

]
[

"direct_flights": [

"Valencia",
"Munich"

"Vienna",
"Munich"

"Vienna",
"Valencia"

"London",
"Budapest"

"London",
"Oslo"

"Edinburgh",
"Budapest"

"Frankfurt",
"Budapest"

"Frankfurt",
"London"

"Prague",
"Oslo"

"Edinburgh",
"Oslo"

"Edinburgh",
"Munich"

"Prague",
"Munich"

"London",
"Prague"

"Edinburgh",
"London"

"Edinburgh",
"Frankfurt"
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"Dubrovnik ",
"Munich"

"Dubrovnik ",
"Vienna"

"Munich",
"Oslo"

"Dubrovnik ",
"Oslo"

"Budapest",
"Munich"

"Frankfurt",
"Prague"

"Vienna",
"London"

"Frankfurt",
"Vienna"

"Frankfurt",
"Oslo"

"Frankfurt",
"Munich"

"Vienna",
"Oslo"

"Vienna",
"Prague"

"Budapest",
"Oslo"

"Budapest",
"Prague"

"London",
"Valencia"

"London",
"Munich"

"Frankfurt",
"Dubrovnik"

[
"Prague",
"Valencia"
Is
[
"Frankfurt",
"Valencia"
1,
[
"Edinburgh",
"Prague"
1,
[
"Vienna",
"Budapest"
]
]
).
"constraints ": {

"city_stays": {
"Edinburgh": 5,
"Frankfurt": 5,
"Dubrovnik ": 2,

"Vienna": 3,
"London": 2,
"Budapest": 3,
"Prague": 3,
"Valencia": 2,
"Munich": 3,
"Oslo": 2

}

"

pecific_days": {
"Edinburgh": [
L,
5
]

"Oslo": [
20,
21
1,
"Valencia": [
17,
18
1o
"London": [
12,
13

|

"Munich": [
18,
20

}

>
"combinations_description":
The ’combinations’ key
contains the parameters

"

for

generating possible travel

3

plans. ’cities
of cities to visit, and

is a list

s

direct_flights ° is a list

of pairs of cities that

have direct flights between

them." ,
"constraints_description":
The ’constraints ’ key
contains the conditions
that must be met for a

"
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)

valid travel plan.
city_stays ’ specifies the
number of days to stay in
each city, and ’
specific_days’
the exact days certain
cities must be visited for
events or meetings."

specifies

}

<end_of_structured_output >

<start_of_planning >
{

"Input Agent": "Identify the
set of cities to visit and
the direct flight
connections between cities .
Also, identify the
constraints such as the
number of days to stay in
each city and specific days
to be in certain cities
for events or meetings.",

"Combination Function
Generator Agent": "Create a
function combinations_func
() that takes ’cities ’ and
>direct_flights ° as input.
Generate all possible
sequences of city visits
that fit within the total
days and only use direct
flights .",

"Solution Function Generator

Agent": "Create a function
plan_func () that takes ’
city_stays ’ and °’

s

specific_days ’ as
constraints , along with the
list of possible plans
from combinations_func ().
Filter the plans to find
one that satisfies all
constraints , ensuring all
specific day requirements
are met."

<end_of_planning >

Output of Optimization Agent (Fixes Valid

Combinations Mistaken for Constraints)

<start_of_COT >

1. City Stays - The ’city_stays’
constraint specifies the number
of days to stay in each city.

This constraint exists for
every city in the combination
space. Hence, it is a
combination parameter.

2. Specific Days - The ’
specific_days’ constraint
specifies exact days for
certain cities but not for all
cities in the combination space

Hence, it is a constraint.

<end;of_COT>

<start_of_structured_output >
{
"combinations ": {
"cities ": [
"Edinburgh",
"Frankfurt",
"Dubrovnik ",

"Vienna",
"London",
"Budapest",
"Prague",
"Valencia",
"Munich",
"Oslo"
1o
"direct_flights": [
[
"Valencia",
"Munich"
1,
[
"Vienna",
"Munich"
1,
[
"Vienna",
"Valencia"
1o
[
"London",
"Budapest"
1o
[
"London",
"Oslo"
1,
[
"Edinburgh",
"Budapest"
1,
[
"Frankfurt",
"Budapest"
o
[
"Frankfurt",
"London"
o
[
"Prague",
"Oslo"
1,
[
"Edinburgh",
"Oslo"
1,
[
"Edinburgh",
"Munich"
1,
[
"Prague",
"Munich"
1,
[
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"London",
"Prague"

"Edinburgh",
"London"

"Edinburgh",
"Frankfurt"

"Dubrovnik ",
"Munich"

"Dubrovnik ",
"Vienna"

"Munich",
"Oslo"

"Dubrovnik ",
"Oslo"

"Budapest",
"Munich"

"Frankfurt",
"Prague"

"Vienna",
"London"

"Frankfurt",
"Vienna"

"Frankfurt",
"Oslo"

"Frankfurt",
"Munich"

"Vienna",
"Oslo"

"Vienna",
"Prague"

"Budapest",
"Oslo"

"Budapest",
"Prague"

}

"London",
"Valencia"
Io
[
"London",
"Munich"
1o
[
"Frankfurt",
"Dubrovnik"
1,
[
"Prague",
"Valencia"
1,
[
"Frankfurt",
"Valencia"
1,
[
"Edinburgh",
"Prague"
1,
[
"Vienna",
"Budapest"
]

1o

"city_stays": {
"Edinburgh": 5
"Frankfurt": 5,
"Dubrovnik ": 2
"Vienna": 3,
"London": 2,
"Budapest": 3,
"Prague": 3,
"Valencia": 2,
"Munich": 3,
"Oslo": 2

1

)

"constraints ": {

}

"specific_days": {
"Edinburgh": [

1,
5
o
"Oslo": [
20,
21
o
"Valencia": [
17,
18
1,
"London": [
12,
13
1,
"Munich": [
18,
20
]

}

>
ombinations_description ":
The ’combinations’ key
contains the parameters for
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generating possible travel
plans. ’cities ’ is a list
of cities to visit, °
direct_flights > is a list
of pairs of cities that
have direct flights between
them, and ’city_stays’
specifies the number of
days to stay in each city

n

"constraints_description ":
The ’constraints ’ key
contains the conditions
that must be met for a
valid travel plan. °
specific_days’ specifies
the exact days certain
cities must be visited for
events or meetings."

}

<end_of_structured_output >

<start_of_planning >

{

"Input Agent": "Identify the
set of cities to visit and
the direct flight
connections between
Also, identify the
constraints such as
specific days to be in
certain cities for events
or meetings.",

"Combination Function
Generator Agent": "Create a
function combinations_func
() that takes ’cities ’, ’
direct_flights ’, and ’
city_stays ’ as input.

Generate all possible

sequences of city visits

that fit within the total
days and only use direct
flights .",

"Solution Function Generator
Agent": "Create a function
plan_func () that takes ’
specific_days ’ as
constraints , along with the
list of possible plans
from combinations_func ().
Filter the plans to find
one that satisfies all
constraints , ensuring all
specific day requirements
are met."

cities .

}

<end_of_planning >

Output of Optimization Agent (Validates

and Expands Parameters)

<start_of_COT >

1. Cities - The list of cities is
a fixed set and does not
suggest any additional cities
should be included. Hence, it
is non-expandable.

2. Direct Flights - If a direct
flight exists from City A to
City B, it is reasonable to
assume a direct flight could
exist from City B to City A
unless explicitly stated
otherwise. Hence, it is
expandable .

3. City Stays - The number of days
to stay in each city is
explicitly defined and does not

suggest additional days should
be added. Hence, it is non-
expandable .

4. Specific Days - The specific
days for visiting certain
cities are explicitly defined
for events or meetings. There
is no indication that
additional days should be added

Hence, it is non-expandable.

<end_of_COT>

<start_of_structured_output >
{
"combinations ": {
"cities ": [
"Edinburgh"
"Frankfurt",
"Dubrovnik ",

"Vienna",
"London",
"Budapest",
"Prague",
"Valencia",
"Munich",
"Oslo"
1o
"direct_flights": [
[
"Valencia",
"Munich"
1,
[
"Munich",
"Valencia"
1,
[
"Vienna",
"Munich"
1,
[
"Munich",
"Vienna"
1,
[
"Vienna",
"Valencia"
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"Valencia",
"Vienna"

"London",
"Budapest"

"Budapest",
"London"

"London",
"Oslo"

"Oslo ",
"London"

"Edinburgh",
"Budapest"

"Budapest",
"Edinburgh"

"Frankfurt",
"Budapest"

"Budapest",
"Frankfurt"

"Frankfurt",
"London"

"London",
"Frankfurt"

"Prague",
"Oslo"

”OSIO " X
"Prague"

"Edinburgh",
"Oslo"

" OSIO " X
"Edinburgh"

"Edinburgh",
"Munich"

"Munich",
"Edinburgh"

"Prague",
"Munich"

"Munich",
"Prague"

"London",
"Prague"

"Prague",
"London"

"Edinburgh",
"London"

"London",
"Edinburgh"

"Edinburgh",
"Frankfurt"

"Frankfurt",
"Edinburgh"

"Dubrovnik ",
"Munich"

"Munich ",
"Dubrovnik"

"Dubrovnik ",
"Vienna"

"Vienna",
"Dubrovnik"

"Munich",
"Oslo"

"Oslo",
"Munich"

"Dubrovnik ",
"Oslo"

"Oslo"
"Dubrovnik"

"Budapest",
"Munich"

43825




"Munich",
"Budapest"

"Frankfurt",
"Prague"

"Prague",
"Frankfurt"

"Vienna",
"London"

"London",
"Vienna"

"Frankfurt",
"Vienna"

"Vienna",
"Frankfurt"

"Frankfurt",
"Oslo"

"Oslo ",
"Frankfurt"

"Frankfurt",
"Munich"

"Munich",
"Frankfurt"

"Vienna",
"Oslo"

”OSIO " ,
"Vienna"

"Vienna",
"Prague"

"Prague",
"Vienna"

"Budapest",
"Oslo"

"Oslo ",
"Budapest"

1,

[
"Budapest",
"Prague"
1,
[
"Prague",
"Budapest"
1,
[
"London",
"Valencia"
1,
[
"Valencia",
"London"
1,
[
"London",
"Munich"
1,
[
"Munich",
"London"
1,
[
"Frankfurt",
"Dubrovnik"
1,
[
"Dubrovnik ",
"Frankfurt"
1,
[
"Prague",
"Valencia"
1,
[
"Valencia",
"Prague"
1,
[
"Frankfurt",
"Valencia"
Io
[
"Valencia",
"Frankfurt"
1,
[
"Edinburgh",
"Prague"
1,
[
"Prague",
"Edinburgh"
1,
[
"Vienna",
"Budapest"
1,
[
"Budapest",
"Vienna"
]

"city_stays": {

"Edinburgh": 5,
"Frankfurt": 5

3
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"Dubrovnik ": 2,
"Vienna": 3,
"London": 2,
"Budapest": 3,
"Prague": 3,
"Valencia": 2,
"Munich": 3,
"Oslo": 2
}
}

"

onstraints ": {
"specific_days": {
"Edinburgh": [
1
5

s

I s
"Oslo": [
20,
21
I s
"Valencia": [
17,
18
I s
"London": [
12,
13
I s
"Munich": [
18,
20

}
}

n n

ombinations_description":
The ’combinations’ key
contains the parameters for
generating possible travel
plans. ’cities ’ is a list
of cities to visit, °
direct_flights > is a list
of pairs of cities that
have direct flights between
them, and ’city_stays’
specifies the number of
days to stay in each city

n

"constraints_description ":
The ’constraints ’ key
contains the conditions
that must be met for a
valid travel plan. °’
specific_days’ specifies
the exact days certain
cities must be visited for
events or meetings."

}

<end_of_structured_output >

<start_of_planning >
{

"Input Agent": "Identify the
set of cities to visit and
the direct flight
connections between cities.
Also, identify the
constraints such as
specific days to be in

certain cities for events
or meetings.",

"Combination Function
Generator Agent": "Create a
function combinations_func
() that takes ’cities ', ~’
direct_flights ’, and °
city_stays ’ as input.
Generate all possible
sequences of city visits
that fit within the total
days and only use direct
flights , considering both
directions for each flight

"Solution Function Generator
Agent": "Create a function
plan_func () that takes °
specific_days ’ as
constraints , along with the
list of possible plans
from combinations_func ().
Filter the plans to find
one that satisfies all
constraints , ensuring all
specific day requirements
are met."

}

<end_of_planning >

\

Output of Solution Agent

<start_of_structured_output >
{

"solutions ": [

{"city ": "Edinburgh", "
days": [1, 2, 3, 4,
51},

{"city ": "Frankfurt", "
days": [5, 6, 7, 8,
91},

{"city": "Dubrovnik", "
days": [9, 10]},

{"city": "Vienna", "days":
[10, 11, 12]},

{"city": "London", "days":
[12, 13]},

{"city ": "Budapest", "days
" [13, 14, 15]},

{"city ": "Prague", "days":
[15, 16, 17]},

{"city ": "Valencia", "days
" [17, 181},

{"city ": "Munich", "days":
[18, 19, 20]},

{"city": "Oslo", "days":
[20, 21]}

1,

"solutions_description": "The
>solutions ° key contains a
list of dictionaries , each
representing a city visit
during the trip. Each
dictionary has two keys: ’
city > and ’days’. The ’city
> key holds the name of the
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city being visited , and 6. **Return the Result**: Finally ,
the ’days’ key contains a we will return a list of all
list of integers valid sequences in the
representing the days of specified format.

the trip spent in that city
" By following these steps, we

} ensure that the function
<end_of_structured_output > generates all possible valid
travel plans according to the
\ given constraints.

<end_of_COT>

Output of Combination Function Genera- <start_of_code > )
from itertools import permutations

tion Agent (Requires Reflection)

def combinations_func(data):
cities = data[’cities ']
direct_flights = data[’
direct_flights ’]
city_stays = data[’city_stays
"1

<start_of _COT >

To solve this problem, we need to
generate all possible sequences
of city visits that fit within
the total days and only use
direct flights. Here’s the step

_by-step thought process: # Create a set of direct

flights for quick lookup
flight_set = set(tuple(flight)

for flight in

direct_flights)

1. **Input Parsing **: We will
extract the list of cities ,
direct flights , and city stays

from the input dictionary. & Calenilaie total dovs

2. **Graph Representation **: We IO .
. . total_days = sum(city_stays.
will represent the direct
values ())

flights as a graph where each
city is a node and each direct
flight is an edge. This will
help us in determining valid

# List to store all valid
plans
valid_plans = []

paths.
3. **Permutations and Combinations W Gerleirtaitees all penmeiaiions oif
*¥*: We will use permutations to . ;
: for perm in permutations (
generate possible sequences of s ) s
city visits. However, we need current'da -1
to ensure that each sequence is valid —_Tr>1]1e_
valid in terms of direct B
plan = []

flights and total days.

for i in range(len(perm)):
city = perm/[i]

i stay_days = city_stays

[city]

4. **Validation of Sequences **:

- For each permutation of
cities , we will check
there is a direct flight
between consecutive cities.

- We will also calculate the
total days required for each
sequence by summing up the
days required for each city
stay .

- If the total days exceed the
allowed days, the sequence
is invalid.

# Check if the current
city can be
reached from the
previous city
if i > 0:
prev_city = perm[i
- 1]
if (prev_city,
city) not in

5. *#*Qutput Format**: For each flilggt__sept :1
valid sequence, we will create l\)]?e;k - e

a list of dictionaries where
each dictionary contains the
city name and the days spent in
that city. The days will be
represented as a list of
integers .

# Add the city and its
stay days to the
plan

plan.append ({

"city ": city,
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"days": list(range
(current_day ,
current_day +
stay_days))

9]

# Update the current
day

current_day +=
stay_days

# Check if the total
days exceed the
allowed days

if current_day >
total _days + 1:
valid = False
break

# If the plan is valid,
add it to the list of
valid plans

if valid:
valid_plans .append (

plan)

return valid_plans
<end_of_code >

Output of Combination Function Reflection

Agent

<start_of _COT >

The main difference between the
ground - truth plan and the
output plan is the overlap of
days between consecutive cities
In the ground-truth plan, the
last day of a city overlaps
with the first day of the next
city. For example, Edinburgh
ends on day 5, and Frankfurt
starts on day 5. In the output
plan, there is no overlap; each
city starts the day after the
previous city ends.

To ensure the function generates
plans with the same pattern as
the ground-truth plan, the
thought process should be
adjusted to allow for
overlapping days between
consecutive cities. This means
that when calculating the days
for each city , the start day of
the next city should be the
same as the end day of the
previous city .

Additionally , the total days
calculation should be adjusted
to account for this overlap,
ensuring that the total number
of days does not exceed the

available days.
<end_of_COT>

<start_of _COT_correction >

1. **Input Parsing **: Extract the
list of cities , direct flights ,
and city stays from the input
dictionary .

2. **Graph Representation **:
Represent the direct flights as
a graph where each city is a
node and each direct flight is
an edge. This will help in
determining valid paths.

3. **Permutations and Combinations
**%: Use permutations to
generate possible sequences of
city visits. Ensure that each
sequence is valid in terms of
direct flights and total days.

4. **Validation of Sequences**:

- For each permutation of
cities , check if there is a
direct flight between
consecutive cities.

- Calculate the total days
required for each sequence
by summing up the days
required for each city stay,
allowing for overlap
between consecutive cities.

- If the total days exceed the
allowed days, the sequence
is invalid.

5. **Output Format**: For each
valid sequence, create a list
of dictionaries where each
dictionary contains the city
name and the days spent in that
city . The days will be
represented as a list of
integers , with overlap between
consecutive cities.

6. **Return the Result**: Return a
list of all valid sequences in
the specified format.

<end_of_COT_correction >

<start_of_code_correction >
from itertools import permutations

def combinations_func(data):
cities = data[’cities ']
direct_flights = data[’
direct_flights ’]
city_stays = data[’city_stays
"1

# Create a set of direct
flights for quick lookup
flight_set = set(tuple(flight)
for flight in
direct_flights)
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valid_plans = []
# Generate all

for perm in permutations (

return valid_plans
<end_of_code_correction >

# Calculate total days
available

total_days = sum(city_stays.
values ()) - (len(cities) -
1)

# List to store all valid
plans

permutations of
cities

cities):
current_day = 1
valid = True
plan = []

for i in range(len(perm)):
city = perm[i]
stay_days = city_stays
[city]

# Check if the current
city can be
reached from the

previous city
if i > 0:
prev_city = perm[i
- 1]

if (prev_city,
city) not in

flight_set:
valid = False
break

# Add the city and its
stay days to the

plan

plan.append ({
"city ": city,
"days": list(range

(current_day ,
current_day +
stay_days))

1)

# Update the current
day, allowing for
overlap

current_day +=
stay_days - 1

# Check if the total
days exceed the
allowed days

if current_day >
total_days + 1:

valid = False
break
# If the plan is valid,
add it to the list of
valid plans
if wvalid:
valid_plans . append (
plan)

Output of Solution Function Generator

Agent

<start_of_COT >

1. Cities - The list of cities is
a fixed set and does not
suggest any additional cities
should be included. Hence, it
is non-expandable.

2. Direct Flights - If a direct
flight exists from City A to
City B, it is reasonable to
assume a direct flight could
exist from City B to City A

unless explicitly stated
otherwise. Hence, it is
expandable .

3. City Stays - The number of days
to stay in each city is
explicitly defined and does not

suggest additional days should
be added. Hence, it is non-
expandable .

4. Specific Days - The specific
days for visiting certain
cities are explicitly defined
for events or meetings. There
is no indication that
additional days should be added

Hence, it is non-expandable.

<end_of_COT>

<start_of_structured_output >
{
"combinations ": {
"cities": [
"Edinburgh",
"Frankfurt",
"Dubrovnik ",
"Vienna",
"London",
"Budapest",
"Prague",
"Valencia",
"Munich",
"Oslo"
1

"

irect_flights": [
[
"Valencia",
"Munich"
1,
[
"Munich",
"Valencia"
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"Vienna",
"Munich"

"Munich",
"Vienna"

"Vienna",
"Valencia"

"Valencia",
"Vienna"

"London",
"Budapest"

"Budapest",
"London"

"London",
"Oslo"

"Oslo ",
"London"

"Edinburgh",
"Budapest"

"Budapest",
"Edinburgh"

"Frankfurt",
"Budapest"

"Budapest",
"Frankfurt"

"Frankfurt",
"London"

"London",
"Frankfurt"

"Prague",
"Oslo"

"Oslo ",
"Prague"

"Edinburgh",
"Oslo"

"Oslo",
"Edinburgh"

"Edinburgh",
"Munich"

"Munich",
"Edinburgh"

"Prague",
"Munich"

"Munich",
"Prague"

"London",
"Prague"

"Prague",
"London"

"Edinburgh",
"London"

"London",
"Edinburgh"

"Edinburgh",
"Frankfurt"

"Frankfurt",
"Edinburgh"

"Dubrovnik ",
"Munich"

"Munich",
"Dubrovnik"

"Dubrovnik ",
"Vienna"

"Vienna",
"Dubrovnik"

"Munich",
"Oslo"

"Oslo"
"Munich"
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"Dubrovnik ",
"Oslo"

"Oslo ",
"Dubrovnik"

"Budapest",
"Munich"

"Munich",
"Budapest"

"Frankfurt",
"Prague"

"Prague",
"Frankfurt"

"Vienna",
"London"

"London",
"Vienna"

"Frankfurt",
"Vienna"

"Vienna",
"Frankfurt"

"Frankfurt",
"Oslo"

”OSIO " ,
"Frankfurt"

"Frankfurt",
"Munich"

"Munich",
"Frankfurt"

"Vienna",
"Oslo"

"Oslo ",
"Vienna"

"Vienna",
"Prague"

"Prague",
"Vienna"

"Budapest",
"Oslo"

"Oslo"
"Budapest"

"Budapest",
"Prague"

"Prague",
"Budapest"

"London",
"Valencia"

"Valencia",
"London"

"London",
"Munich"

"Munich",
"London"

"Frankfurt",
"Dubrovnik"

"Dubrovnik ",
"Frankfurt"

"Prague",
"Valencia"

"Valencia",
"Prague"

"Frankfurt",
"Valencia"

"Valencia",
"Frankfurt"

"Edinburgh",
"Prague"

"Prague",
"Edinburgh"
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}

"

}

n

n

[
"Vienna",
"Budapest"
Js
[
"Budapest",
"Vienna"
1

1,

"city_stays": {
"Edinburgh": 5,
"Frankfurt": 5,
"Dubrovnik ":
"Vienna": 3,
"London": 2,
"Budapest":
"Prague": 3,
"Valencia":
"Munich": 3,
"Oslo": 2

}

onstraints ": {
"specific_days": {
"Edinburgh": [
L,
5
Is
"Oslo": [
20,
21
Is
"Valencia": [
17,
18
]

ondon": [
12,
13

]

"Munich": [
18,
20

}

)
combinations_description":

The ’combinations’ key
contains the parameters
generating possible
plans. ’cities ’ is a
of cities to visit, °
direct_flights ’
of pairs of cities
have direct
them, and ’city_stays’
specifies the number of
days to stay

"

that

constraints_description ":
The ’constraints ’ key
contains the conditions
that must be met for a
valid travel plan. °
specific_days’
the exact days
cities
events or meetings."

certain

"

for

travel
list

is a list

flights between

in each city

specifies

must be visited for

}

<end_of_structured_output >

<start_of_planning >

{

"Input Agent": "Identify the
set of cities to visit and
the direct flight
connections between cities.
Also, identify the
constraints such as
specific days to be in

certain cities for events
or meetings.",

"Combination Function
Generator Agent": "Create a

function combinations_func

s )

() that takes ’cities ’,
direct_flights ’, and °
city_stays ’ as input.

Generate all possible
sequences of city visits
that fit within the total
days and only use direct
flights , considering both
directions for each flight

"Solution Function Generator
Agent": "Create a function
plan_func () that takes °
specific_days ’ as
constraints , along with the
list of possible plans
from combinations_func ().
Filter the plans to find
one that satisfies all
constraints , ensuring all
specific day requirements
are met."

<end_of_planning >

Output of Solution Function Generator

Agent (Does Not Require Reflection)

<start_of_COT >

To solve this problem, we need to
filter the list of plans based
on the constraints provided.
The constraints specify certain

days that specific cities must
be visited. Our task is to
find a plan that satisfies all

these constraints.

1. **Understand the Input Format
ok
- Each plan is a list of
dictionaries , where each
dictionary represents a city
visit with the city name
and the days spent there.

- Constraints are given in a
dictionary format, where
specific_days’ specifies the
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exact days certain cities
must be visited.

2. **Plan the Function **:
- Iterate over each plan in the

>data’ list.
- For each plan, check if it
satisfies all the

)

constraints specified in
specific_days ’
- For each city in
specific_days ’, ensure that
the city is visited on all

)

the required days in the
plan.

- If a plan satisfies all
constraints , return that
plan.

3. **Implementation Steps **:
- Loop through each plan
data .

- For each plan,
each city in the
specific_days ’ constraints.

- Check if the city is present
in the plan and if the days
match the required days.

- If all constraints are
satisfied for a plan,
that plan.

in the

loop through

s

return

4. **Edge Cases**:

- If no plan satisfies the
constraints , the function
should handle this
gracefully (though the
problem does not specify
what to do in this case, we
assume at least one valid
plan exists).

By following these steps, we can
ensure that the function
correctly filters and returns a
plan that meets all the
specified constraints.

<end_of_COT>

<start_of_code >
def plan_func(data, constraints):
specific_days = constraints.
get(’specific_days ', {})

for plan in data:
all_constraints_met = True

for city , required_days in
specific_days .items () :
city_found = False

for visit in plan:
if visit[’city ]
== cCity:
city_days =
set(visit[
days ’])

>

if all(day in
city_days
for day in
required_days

):
city_found

= True
break

if not city_found:
all_constraints_met
= False
break

if all_constraints_met:
return plan
<end_of_code >

Output of Deliver Function Generator

Agent

<start_of_COT >

1. The few-shot example solution
begins with a heading that
summarizes the trip plan,
mentioning the number of cities
and days. The format is: "Here
is the trip plan for visiting
the X European cities for Y
days:".

2. The output then details each
city visit and the transitions
between cities. Each city visit
is described with the format:
"**Day X-Y:** Visit [City] for
Z days.".

3. Transitions between cities are
described with the format: "**
Day X:** Fly from [Cityl] to [
City2].".

4. The function needs to iterate
through the list of city visits
, keeping track of the current
day and ensuring that
transitions and visits
formatted correctly.

5. The function should handle
overlapping days correctly ,
ensuring that transitions are
noted on the correct day.

are

To design the function:

- Start by calculating the total
number of cities and days.

- Initialize a string with the
heading .

- Iterate through the list of city
visits , formatting each visit
and transition according to the
example .

- Keep track of the current day
and adjust for overlaps in days
between cities .

- Append each formatted
the result.

string to
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- Return the complete formatted
string as the output.
<end_of_COT>

<start_of_code >
def deliver_func(data):
num_cities = len(data)
total_days = max(day for city
in data for day in city[’
days ’])

result = f"Here is the trip
plan for visiting the {
num_cities} European cities

for {total_days} days:\n\n

"

current_day = 1
for i, visit in enumerate(data
).

city = visit[’city ]
days = visit[’ days’]
start_day = days[O]
end_day = days[-1]
visit_days = end_day -
start_day + 1

if start_day ==
current_day:
result += f"**Day ({
start_day }-{end_day
}i¥F* Visit {city}
for {visit_days}
days .\n"
else:
result += f"**Day ({
start_day }:** Fly
from {data[i-1][’
city ]} to {city }.\
0"
result += f"**Day ({
start_day }-{end_day
}i¥* Visit {city}
for {visit_days}
days .\n"

current_day = end_day + 1

return result
<end_of_code >
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L Other Tables and Figures

MODEL SETTING TravelPlanner Trip. Meet.
DR CPR HCPR SR SR SR
Micro Macro Micro Macro

Direct 100 93.6 57.0 56.4 38.7 23.6 4.0 50.7

GPT-40 CoT 100 95.2 67.0 64.8 452 315 34 474
SCOPE 100 99.7 97.8 97.6 94.8 93.1 87.1 100

Direct 100 96.3 71.1 65.9 66.9 66.5 774 705

GPT-03 CoT 100 98.6 89.1 83.2 80.7 80.4 774  89.8
SCOPE 100 99.6 97.5 97.2 94.0 92.2 891 99.2

Direct 100 99.6 96.6 94.3 91.4 91.2 83.8 89.3

GPTS5 CoT 100 99.5 96.6 94.3 91.8 91.5 855 93.2
SCOPE 100 99.7 98.3 97.8 95.3 93.9 88.7 100

Direct 100 96.8 75.0 54.6 27.5 21.8 376 432

. CoT 100 95.1 66.8 58.7 35.5 253 309 454
Gemini-1.5-Pro SCOPE 975 959 856 893 790 716 793 90.6
Direct 100 99.5 95.7 93.8 92.5 917 878 952

Gemini-2.5-Pro CoT 100 99.6 96.9 96.3 94.8 93.8 879 964

SCOPE 100 99.7 98.2 98.0 95.6 942 90. 99.6

Table 6: Performance comparison across models and settings in inference mode. Full data for TravelPlanner (1000
data points), Trip Planning (1600 data points) and Meeting Planning (1000 data points).

MODEL SETTING TravelPlanner Trip Meet.
Input Output Cost Time Input Output Cost Time Input Output Cost Time
Direct 1055 335 0.006 10 2375 163 0.008 6 5255 214 0.015 7
CoT 1129 448 0.007 14 2450 474 0.011 14 5330 620 0.02 17
GPT-40 ToT 54928 5330 0.191 102 17849 5396 0.099 88 18382 4427 0.09 114
EvoAgent 94166 6325 0.299 111 55372 3396 0.172 79 74926 2480 0.212 67
HTP 89977 4104 0.266 145 7236 2117 0.039 50 13297 942 0.043 29

CPMPY 8249 1438  0.035 17 2473 693  0.013 8 5353 1279 0.026 12
SCOPE 1155 177 0.005 3 2288 340 0.009 13 2004 1436 0.019 295

Direct 8157 2575 0.037 55 2381 4507 0.041 75 5261 3868 0.041 77
CoT 8231 2945  0.04 43 2456 4763  0.043 94 5336 4851 0.049 56
GPT-03 ToT 59503 17740 0.261 274 22569 54201 0479 849 19782 21704 0213 412
EvoAgent 95440 22928 0.374 359 44698 35258 0.371 564 76866 36651 0.447 558
HTP 90001 14512 0.296 276 7015 79385 0.649 1009 13600 7032 0.083 191

CPMPY 8248 3430 0.044 30 2472 8532  0.073 89 5352 9430 0.086 91
SCOPE 1756 1151  0.013 17 2560 1550 0.018 78 2628 3434  0.033 152

Direct 8157 4697 0.057 115 2381 3589 0.039 92 5261 4808 0.055 170
CoT 8231 5254  0.063 142 2456 7482 0.078 167 5336 4311 0.05 136
GPT5 ToT 59453 36198 0436 620 19770 50897 0.534 680 19950 43100 0.456 532
HTP 89931 27082 0.383 391 7001 46314 0472 600 13599 16244 0.179 230

CPMPY 8248 14424 0.155 181 2472 7801 0.081 77 5352 9760 0.104 114
SCOPE 1923 1589 0.018 26 2616 5082 0.054 75 3110 4375  0.048 241

Direct 1126 299  0.004 5 2506 195 0.005 3 6011 248 0.01 4
Gemini-2.5-Pro  CoT 1208 639  0.008 10 2594 749 0.011 12 6099 698  0.015 11

SCOPE 1286 181 0.003 7 2648 369  0.007 55 2311 984  0.013 105

Direct 1126 871  0.014 42 2506 790 0.015 67 6011 844 0.02 68
Gemini-1.5-Pro  CoT 1208 2221 0.035 53 2594 2316 0.038 78 6099 1616 0.032 74

SCOPE 1804 1816  0.03 16 3234 6769 0.106 76 3029 6863 0.107 386

Table 7: Token counts, API cost (USD), and total time (seconds) across models and reasoning strategies for three
tasks.
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Figure 5: The inference cost required per query to reach correct solution. Top to bottom (Different metrics): Number
of calls, time taken, number of tokens. Left to right (Different datasets): Travel Planner, Trip Planning, Meeting
Planning. Infinity means an answer cannot be correctly achieved after many repeated attempts.
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